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Abstract 
Corrosion of steel in reinforced concrete is a major contributor to material 
deterioration and structural failures. Accurate prediction and simulation of 
concrete cover cracking due to corrosion facilitates effective maintenance 
and rehabilitation of corrosion-affected reinforced concrete structures. The 
steel–concrete interface plays a pivotal role in the corrosion-induced 
degradation of reinforced concrete. It significantly affects the corrosion of 
steel and concrete cover cracking.  
This research aims to systematically investigate the influence of the steel–
concrete interface on the corrosion of steel and corrosion-induced concrete 
cover cracking. A new method was used to examine the steel–concrete 
interface with the aid of a backscattered electron microscope. The effects of 
concrete mix design parameters, such as water-to-cement ratio, aggregate 
size and cover thickness on the porous band at the steel–concrete interface, 
were determined. Mathematical models for the distribution variation of the 
porous band around the steel–concrete interface were proposed. 
Also, a corrosion test was conducted to investigate the corrosion of steel at 
the steel–concrete interface. The corrosion layer around the steel–concrete 
interface was quantified in various concrete mixes. The growth of the 
corrosion products at the porous band and subsequent corrosion-induced 
cracks were determined. A distribution model for the corrosion layer around 
the steel–concrete interface was propounded based on the experiment. 
Moreover, the penetration of corrosion products in cement paste around the 
steel bar was quantified. 
vi 
The influence of concrete mixes and the corrosion of steel on the concrete 
cover cracking process were also investigated. Crack width, crack length and 
crack orientation in various concrete mixes were recorded. An image analysis 
approach was developed to measure the growth of crack width and crack 
length due to non-uniform corrosion. Further, a convolutional neural network 
was developed for concrete surface crack detection and measurement. 
It was concluded that the steel–concrete interface could significantly affect 
corrosion-induced concrete cover cracking. The porous band was found to 
be non-uniformly distributed around the steel–concrete interface, the size of 
which ranges from a few micrometres to hundreds of micrometres. Water-
to-cement ratio and cover thickness are two major factors that cause variation 
of porous band thickness. Also, the corrosion layer was found to be non-
uniform around the steel bar due to the porous band. The proposed models 
for the porous band and corrosion layer can help improve the accuracy of 
predictive models for non-uniform corrosion-induced concrete cracking. 
The merit of this research is that it provides adequate experimental evidence 
for the non-uniform porous band and corrosion layer at the steel–concrete 
interface. Comprehensive data about the porous band and corrosion layer are 
also presented as an input for predictive models for corrosion-induced 
concrete cracking. The influence of non-uniform corrosion on the growth of 
crack width and length is experimentally examined. Hence, the findings in 
this research contribute to the knowledge of corrosion-induced concrete 
cracking and its effect on the service life of corrosion-affected reinforced 
concrete structures. 
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Chapter 1: Introduction 
1.1 Background 
Reinforced concrete has been a popular structural material for over a century. 
Reinforced concrete was first used in 1853 by François Coignet in a four-storey house 
in the suburbs of Paris (see Figure 1.1). Coignet published a book in 1861 on the 
applications of reinforced concrete (Day & McNeil, 2002). In 1877, Joseph Monier—
known to be a principal inventor of reinforced concrete—was granted a patent for the 
technique of reinforcing concrete (Engineer’s Outlook, 2011). In contemporary 
construction, reinforced concrete has been widely used in many different kinds of 
structures. 
 
  
Figure 1.1. François Coignet’s house in Paris and the design of the reinforced 
concrete system, 1853. 
Source: Engineer’s Outlook (2011). 
 
Reinforced concrete was traditionally considered very durable until the 1950s, 
when cracks of concrete were observed. A major cause of cracking in reinforced 
concrete structures is the corrosion of reinforcing steel. The corrosion of steel severely 
degrades the durability of the reinforced concrete and undermines the serviceability of 
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the reinforced concrete structures, such as bridges and buildings. Since the 1970s, it 
has been widely accepted that concrete covers are inadequate for protecting steel bars 
from corrosion. 
The first failure of a reinforced concrete structure due to corrosion of steel 
occurred in 1980. The outer roof of the Berlin Congress Hall collapsed 23 years after 
it was constructed. Two other bridges—the Taf Fawr Bridge on the A470 in Wales 
and the Angel Road Bridge on the A406 North Circular in England—were later found 
with similar serious corrosion issues (Proverbio & Bonaccorsi, 2002). In 1985, the 
Ynys-y-Gwas Bridge in Wales collapsed as a result of corrosion of longitudinal 
tendons at its segmented joints (Chen, Alexander & Orazem, 2014). Even in modern 
times, reinforced concrete structures continue to cause problems and even loss of lives. 
For example, an overpass in Mumbai collapsed due to the corrosion of steel in 
reinforced concrete on 14 March, 2019 (see Figure 1.2). Six people were killed and 31 
were injured. The collapse of the Morandi Bridge in Genoa, Italy, on 14 August, 2018 
caused 43 tragic deaths (see Figure 1.3). A 200-metre section of the bridge collapsed 
due to the corrosion of steel and construction errors. Corrosion of steel also causes 
water or sewer leaks in concrete underground pipelines and even pipe bursts. 
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Figure 1.2. The collapse of Mumbai foot overpass on 14 March, 2019. 
Source: Emmanual Yogini (2019). 
 
 
Figure 1.3. The collapse of the Morandi Bridge in Genoa, Italy, 14 August 2018. 
Source: Glanz, J., Pianigiani, G., White, J. & Patanjali, K. (2018). 
 
In addition to the catastrophic collapse of reinforced concrete structures, the 
corrosion of steel also has a significant economic impact. It has been reported that 
more than 55 per cent of structural repairs carried out in Europe were caused by steel 
corrosion (Tilly, 2007). In the United States, the cost of corrosion damage to reinforced 
concrete structures, such as bridges and car parks, due to de-icing salts is estimated to 
be between US$325 million and US$1 billion per year (Broomfield, Davies & Hladky, 
2002). 
Corrosion of steel in reinforced concrete may not be the only contributor to this. 
However, corrosion combined with the influence of other factors, such as overloading 
and lack of maintenance, can eventually contribute to the failure of reinforced concrete 
structures. Effective and efficient maintenance and repairs to corrosion-affected 
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reinforced concrete structures would help alleviate the damage caused by corrosion of 
steel, thereby avoiding premature failure. To achieve these goals, the assessment and 
prediction of structural survivability are crucial. 
One major index that has been widely used in the assessment of structure 
serviceability is concrete cover cracking (Liu & Kleiner, 2013; Rogers et al., 2012). 
Concrete cover cracks onsite are easy to inspect with low equipment demands. Another 
primary index is the corrosion intensity in corrosion-affected structures. Nowadays, 
various approaches and equipment are available to measure the corrosion intensity in 
structures, including Tafel plot, linear polarisation resistance, electrochemical noise, 
alternating current (AC) impedance and electrical resistance (Ahmad, Jibran, Azad & 
Maslehuddin, 2014; Maierhofer, Reinhardt & Dobmann, 2010). Various experimental 
studies have attempted to explore the relationship between concrete cover cracking 
and corrosion intensity, incorporating the influence of concrete properties (Alonso, 
Andrade, Rodriguez & Diez, 1998; Andrade, Alonso & Molina, 1993; Caré & 
Raharinaivo, 2007; Vu, Stewart & Mullard, 2005). 
Conversely, extensive research has been carried out on predictive models for 
corrosion-induced concrete cover cracking using analytical and numerical approaches 
(Aligizaki, 1999; Bhargava, Ghosh, Mori & Ramanujam, 2006; Chernin & Val, 2011; 
El Maaddawy & Soudki, 2007; Li, Melchers & Zheng, 2006; Liu & Weyers 1998; Lu, 
Jin & Liu, 2011; Moës & Belytschko, 2002; Pantazopoulou & Papoulia, 2001; Yang, 
Li & Li, 2018). Factors affecting corrosion-induced concrete cracking—such as 
compressive strength and tensile strength of concrete, creep of concrete, Young’s 
moduli of concrete and steel, bar diameter, concrete geometry and expansion rate of 
corrosion product—are all included in these studies. However, despite these efforts, 
some discrepancies between predictive models and experimental data from the field 
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and laboratory have been reported (Chen, Su, Ma, Liu & Liang, 2018). This may be 
attributed to lack of knowledge about the corrosion of steel and simplification of the 
concrete-cracking process. 
Further, environmental factors significantly affect corrosion and cracking 
processes in reinforced concrete structures, such as the concentration of chloride ions, 
carbonation of concrete, wetting and drying, temperature and humidity (Beaton & 
Stratfull, 1963; González, López & Rodriguez, 1993; Millard, Law, Bungey & Cairns, 
2001; Oh & Jang, 2007). These factors may induce and accelerate the corrosion of 
steel, leading to the loss of structure serviceability. Further, these environmental 
factors affect the accuracy of corrosion rate measurement, which cause erroneous 
interpretation of the test data. For example, it has been found that the ambient 
temperature appears to have a significant influence on corrosion activity; increased 
temperature causes an increase in the corrosion rate (Millard et al., 2001). 
One significant factor that affects corrosion-induced concrete cracking has 
been ignored in all these studies: the microstructure of the steel-interface concrete. 
While a few studies have considered the steel-interface concrete (Angst et al., 2017; 
Horne, Richardson & Brydson, 2007), there is little research on the characterisation of 
the steel–concrete interface and its influence on corrosion-induced concrete cover 
cracking. As the steel–concrete interface where corrosion of steel is initiated, it is 
imperative to investigate this area to improve the accuracy of existing predictive 
models. 
1.2 Significance 
Extensive research has been conducted on predicting the time to corrosion-induced 
cover cracking based on experimental results and numerical models. However, limited 
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work has been undertaken to systematically investigate the steel–concrete interface 
and its influence on crack evolution in the corrosion of steel. 
The scientific significance of this research is its advancing of the knowledge 
of the deterioration science of reinforced concrete, specifically the corrosion of steel 
at the steel–concrete interface. The predictive models for corrosion-induced concrete 
cracking also represent an advance in knowledge. Corrosion of steel is an intrinsic 
weakness of reinforced concrete structures, contributing to concrete cracking, spalling, 
and delamination. Therefore, it is imperative to predict the cracking process initiated 
by corrosion of steel, more importantly, at a micro-scale level by considering the 
microstructure of the steel–concrete interface. 
There are several scientific challenges in understanding the cracking process at 
a micro-scale level. The first is the characterisation of the steel–concrete interface. 
Although the corrosion of steel has been extensively researched, little is known 
relating to the complex microstructure of the steel–concrete interface. There is a need 
for the characterisation of the steel–concrete interface, which includes examination of 
influential factors that affect the microstructure of the steel–concrete interface. Despite 
the investigation on the steel–concrete interface itself, its influence on concrete cover 
cracking should also be fully understood. The second challenge is to quantify the 
corrosion layer at the steel–concrete interface and its distribution, which is closely 
associated with the expansive stress on the surrounding concrete cover. Systematic 
investigation of the corrosion layer around the steel bar is required. The last challenge 
is to determine the effects of corrosion of steel on concrete cover cracking. This thesis 
will address these challenges to advance knowledge of corrosion-induced concrete 
cracking. 
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The results presented in this thesis provide experimental data for predictive 
models for corrosion-induced concrete cover cracking and will improve prediction 
accuracy. The conclusions in this thesis will also help guide the reinforced concrete 
design and manufacture. Effective protection from corrosion of steel in reinforced 
concrete can be implemented. Assessment and maintenance of the corrosion-affected 
reinforce concrete structures can be more accurate and efficient. Therefore, the 
corrosion-induced failure in structures would be controlled and reduced. Reduced 
financial cost for structural damages and less disruption caused by corrosion-induced 
failures in infrastructure and natural environments would be expected. 
1.3 Aims and Objectives 
This research aims to investigate the steel–concrete interface and examine its influence 
on the corrosion of steel and the consequent cracking process in concrete covers. It 
advances knowledge in the corrosion science in reinforced concrete. It also helps 
improve the accuracy of predictive models for corrosion-induced concrete cover 
cracking. 
To achieve the aims, the steel–concrete interface is investigated using 
backscattered electron (BSE) microscope image analysis. The microstructure of the 
steel–concrete interface is characterised, and the influential factors that affect the 
microstructure are identified. The accelerated corrosion test is carried out to investigate 
the corrosion products at the steel–concrete interface. The corrosion layer that forms 
at the steel–concrete interface is examined. The corrosion penetration in the adjacent 
cement paste and the growth of corrosion layer are also investigated. Models for the 
steel–concrete interface and the corrosion layer are developed based on the results 
obtained from the experiments. Also, the cracking process of the concrete cover is 
recorded (i.e., growth of the surface crack width, crack length and crack orientation, 
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which is correlated to the corrosion of steel). A machine learning algorithm is also 
developed for concrete crack detection and measurement. 
Specific objectives of this research are: 
1. characterise the steel–concrete interface and determine the factors that 
influence the microstructure of the steel–concrete interface 
2. quantify and model the porous band at the steel–concrete interface around 
the steel bar 
3. investigate the corrosion layer and its distribution around the steel–concrete 
interface by quantifying the thickness of the corrosion layer 
4. model the corrosion layer and its growth around the steel–concrete 
interface incorporating concrete mix design parameters 
5. determine the corrosion penetration in the cement paste and examine the 
corrosion penetration in various concrete mixes 
6.  investigate crack patterns due to corrosion of steel (i.e., crack width, crack 
length, and crack orientation) 
7. apply the machine learning (e.g., neural networks) in concrete surface crack 
detection. 
1.4 Outline of the Thesis 
The scope of this thesis is to study the corrosion of steel in concrete at the steel–
concrete interface to advance the knowledge in corrosion-induced concrete cracking 
at a micro-scale level, and provide experimental data for predictive models for 
corrosion-induced concrete cover cracking. 
Chapter 1 presents the background information regarding corrosion of steel in 
reinforced concrete, the significance of the research, and the aims and objectives of 
this thesis. 
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Chapter 2 reviews the existing literature, including the basics of corrosion 
science, the property of reinforced concrete, the corrosion of steel in reinforced 
concrete, the steel–concrete interface, time to corrosion-induced cover cracking, and 
the studies on artificial intelligence in concrete surface detection. 
Chapter 3 presents the research on the characterisation of the steel–concrete 
interface. The BSE image analysis identifies the porous band at the steel–concrete 
interface. The effects of concrete design parameters on the microstructure of the steel–
concrete interface are examined and a mathematical model is developed to describe 
the porous band at the steel–concrete interface based on the experimental data. 
Chapter 4 presents a corrosion test for the investigation of the corrosion layer 
at the steel–concrete interface. The BSE image analysis identifies and quantifies the 
corrosion layer around the steel bar. The distribution of the corrosion layer and the 
effects of water-to-cement (w/c) ratio and cover thickness on the thickness of the 
corrosion layer are also investigated. A model is also developed to describe the 
corrosion layer. The corrosion penetration in the cement paste is also investigated 
quantitatively. 
Chapter 5 presents the corrosion-induced cracks in concrete. The growth of 
crack width, cracking length and crack orientation are reported. An image analysis 
approach for crack measurement is proposed. A machine learning algorithm is also 
developed for concrete surface crack detection. 
Chapter 6 concludes the thesis and recommends avenues for future research.  
10 
Chapter 2: Literature Review 
2.1 Introduction 
In Australia, the yearly cost of corrosion is estimated as $32 billion; $8 billion of this 
is avoidable (Build Australia, 2018). In China, the cost of corrosion is estimated at 
¥2127.8 billion, representing about 3.34 per cent of the gross domestic product of 
China. The total cost of corrosion maintenance for new road and bridge constructions 
in 2014 was ¥62.37 billion (Hou et al., 2017). In many other countries with rapidly 
developing infrastructures, poor construction increases the cost of corrosion 
rehabilitation, leading to very short lifetimes for reinforced concrete structures. Civil 
engineers face a challenge in dealing with corrosion of steel and maintenance of 
corrosion-affected structures. 
To understand the corrosion of steel in reinforced concrete and its 
consequences, it is necessary to review a broad range of literature regarding corrosion 
science, reinforced concrete properties, mechanics of corrosion-induced cracking and 
existing models for the prediction of corrosion-induced cracking. 
In this chapter, all abovementioned topics that influence corrosion-induced 
concrete cracking will be examined. First, the basics of corrosion science are discussed, 
followed by corrosion of steel (in reinforced concrete specifically). The properties of 
reinforced concrete are presented. The steel–concrete interface and its influence on 
corrosion of steel are analysed. Corrosion-induced concrete cracking in the literature 
is reviewed, and models developed for corrosion-induced time to cover cracking are 
verified. Further, the application of machine learning in concrete surface crack 
detection is presented. 
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The literature review highlights the knowledge gaps in the existing research 
field of corrosion of steel and corrosion-induced concrete cracking and rationalises the 
need for the research carried out in this thesis. 
2.2 Basics of Corrosion Science 
Corrosion is a common problem. It is dangerous and costly, as it can cause the collapse 
of buildings, bridges, tunnels and pipelines. Corrosion is a natural process in which 
elements convert into a more chemically stable status. It is a subject that involves 
chemistry, electrochemistry and mechanics. Corrosion science helps researchers 
understand this natural process and contributes to controlling, stopping and even 
utilising corrosion. 
In this section, the definition of corrosion is given in the context of this thesis. 
The basic electrochemistry in corrosion and types of corrosion are briefly presented. 
The properties of corrosion products are also presented. 
2.2.1 The corrosion process 
Corrosion is broadly defined as the unintentional degradation of material and the 
deterioration of its performance through contact with its environment (Kruger & 
Begum, 2016). Materials degradation due to mechanisms without the involvement of 
environmental interaction fall outside this definition of corrosion. This definition of 
corrosion generally includes both non-metallic materials (e.g., concrete and plastics) 
and metallic materials (e.g., steels and alloys). This section is primarily concerned with 
metallic corrosion. 
For metals, almost all environments can cause corrosion to some degree, as the 
corroded metals have a more stable status. Rust is one of the most common types of 
corrosion. Iron reacts with oxygen and becomes oxidised as iron oxide compounds, as 
iron oxide is more stable than iron. Oxygen-initiated corrosion can be from water or 
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air; therefore, rusting is a common occurrence in domestic and industrial water tanks 
and supply piping, and iron and steel structures. 
Metallic corrosion is essentially an electron transfer reaction. A metal atom 
loses electrons and becomes a charged metal ion: 
𝑀 → 𝑀𝑛+ + 𝑛𝑒− (2.1) 
The overall corrosion process involves two simultaneous reactions: an 
oxidation reaction and a reduction reaction, which are coupled with the transfer of 
electrons. Therefore, they have also become known as electrochemical reactions: an 
anodic reaction and a cathodic reaction. The essential components in electrochemical 
reactions are an anode, a cathode and an electrolyte. Figure 2.1 illustrates the basic 
corrosion of a metal. 
 
 
Figure 2.1. Schematically illustration of metallic corrosion. 
 
Due to the loss of electrons from the metal, the metal has been oxidised. The 
oxidation of the metal is sustained by the consumption of the electrons by the cathodic 
reaction. The exchange of electrons is also known as electro-migration. In the case in 
Figure 2.1, the cathodic reaction can be written as: 
2𝑒− +𝐻2𝑂 +
1
2
𝑂2 → 2𝑂𝐻
− (2.2) 
13 
For metallic corrosion, the corrosion damage occurs at the anode, where the 
metal is consumed and thinned. It is important to note that the anodic and cathodic 
reactions proceed at the same time and rate, but not in the same place. 
The fundamental force that drives the electrochemical reactions is the 
electrochemical potential difference between the anode and cathode. This potential 
difference also gives rise to a voltage gradient, which attracts oppositely charged ions. 
The extent of corrosion is determined by factors such as conductivity, the supply of 
cathodic agents and temperature. The extent of corrosion can also be affected by the 
acidity or alkalinity of its environment. Hence, potential difference and pH are of vital 
importance in corrosion. In predicting the material corrosion under a given 
environmental and electrochemical condition, the Pourbaix diagram (Beverskog & 
Puigdomenech, 1996) is useful in showing the domains of stability for various species 
as a function of potential and pH. Figure 2.2 shows the Pourbaix diagram of iron at 
298 K with the most common iron oxide species present. Pourbaix diagrams can be 
drawn at arbitrary temperatures and pressure. 
 
 
Figure 2.2. Pourbaix diagram for iron in aqueous solution at 298 K. 
 
2.2.2 Types of corrosion 
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There are four main types of metallic corrosion: galvanic corrosion, pitting corrosion, 
crevice corrosion and microbial-induced corrosion. 
Galvanic corrosion. Galvanic corrosion occurs when one metal is in contact 
with another metal. Two different metals must be exposed to the same electrolyte 
environment, as shown in Figure 2.3. Due to the potential difference, one metal 
corrodes to protect the other. The anodic metal sacrifices itself while the cathodic metal 
is protected. The conducting path and the presence of electrolyte between two metals 
are essential for galvanic corrosion to occur. The potential difference and galvanic 
reaction can even be used to generate a useful electrical voltage to power portable 
devices. Galvanic corrosion is common in mixed metals in piping, such as copper, cast 
iron and other cast metals. 
 
 
Figure 2.3. Galvanic corrosion. 
 
Pitting corrosion. Pitting corrosion is a form of localised corrosion. It creates 
small holes in the metal, as shown in Figure 2.4, that are difficult to detect, predict and 
prevent. Pitting corrosion is initiated by the de-passivation of metal in a small area, 
which becomes anodic while another part of the metal becomes cathodic. Localised 
chemicals that attack like chlorides, mechanical damage that scratches at the surface 
and low pH environment can be the causes of the passive film breakdown. The damage 
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caused by pitting corrosion is more dangerous than uniform corrosion, as it damages 
the deep structures of the metal, and the holes created are covered with corrosion 
products. 
 
 
Figure 2.4. Pitting corrosion. 
 
Crevice corrosion. Crevice corrosion is similar to pitting corrosion. It is a form 
of localised corrosion that occurs inside a metal–metal crevice or metal–non-metal 
crevice, as shown in Figure 2.5. As the diffusion is restricted to inside the crevice, the 
oxygen content and pH value are much lower than those outside the crevice. An anode 
can be formed at the region at the metal surface, as the oxygen content is low in the 
crevice. As a result, positively charged ions appear in the crevice, and the stagnant 
solution becomes acidic. Also, if chlorides are present in the crevice, a local and small 
galvanic cell would be created. Thus, corrosion in the crevice would be accelerated. 
 
 
Figure 2.5. Crevice corrosion. 
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Microbial corrosion. Microbial corrosion, also called bacterial corrosion or 
microbially induced corrosion, is corrosion caused by bacteria. These bacteria can be 
classified as aerobic (requires oxygen) and anaerobic (requires no or little oxygen). 
Microbial corrosion affects almost all types of alloys such as carbon steels, stainless 
steels, aluminium alloys and copper alloys. The biological activities of these bacteria 
modify the local chemistry and produce a more corrosive environment. For example, 
bacteria like Acidithiobacillus can produce sulphuric acid and bacteria Ferrobacillus 
ferrooxidans can oxidise iron directly into iron oxides and iron hydroxides (Margalith, 
Silver & Lundgren, 1966; Sharma, Das, Rao & Forssberg, 2003). Bacteria corrosion 
can also appear in the form of pitting corrosion. 
2.2.3 Corrosion products 
Among all different types of corrosion, the corrosion of steel is the most common. The 
corrosion of steel consumes the original steel and results in various corrosion products. 
The corrosion products of iron, listed in Table 2.1, have different densities and 
volumes. In the context of this thesis, corrosion only refers to the corrosion of steel 
and the corrosion products refer to the corrosion products of iron. 
 
Table 2.1 
Typical Properties of Corrosion Products 
Corrosion product FeO Fe2O3 Fe3O4 Fe(OH)2 Fe(OH)3 Fe(OH)3•3H2O 
αv 1.70 2.10 2.00 3.60 4.00 6.15 
α 0.777 0.724 0.699 0.622 0.523 0.347 
γ = ρs/ρr = αv × α 1.32 1.52 1.40 2.24 2.09 2.13 
Source: Bhargava et al., (2006). 
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Three important properties of corrosion products are usually used in the study 
of corrosion-induced concrete cracking. The first is the characteristic relative volume 
ratio, denoted as αv, which shows the volume ratio of the corrosion product to that of 
the parent metal, Fe. The second important property is the molecular weight ratio of 
the parent iron molecule to that of corrosion products, denoted as α. The third property 
is the ratio of the density of parent metal (Fe, ρs) to that of corrosion products, ρr, 
which is denoted as γ. By this definition, γ ratio is simply the product of αv and α. 
Typical values of these properties for different corrosion products are depicted in Table 
2.1. It should be noted that the corrosion products at the steel–concrete interface are a 
mixture of the compounds listed in Table 2.1. Therefore, the exact composition of 
corrosion products varies considerably depending on environmental factors, such as 
humidity, temperature, the levels of oxidation and pH in concrete pores (Tuutti, 1982). 
Conversely, the mechanical properties of corrosion products, such as elastic 
modulus and Poisson’s ratio, are also of great importance in the study of concrete 
cracking. However, few studies (Aligizaki, de Rooij & Macdonald, 2000; Duffó, 
Morris, Raspini & Saragovi, 2004; Ouglova, Berthaud, François & Foct, 2006; Suda 
Misrase & Motohashi, 1993) have investigated the mechanical properties of corrosion 
products in reinforced concrete. In Table 2.2, typical values of modulus of corrosion 
products’ elasticity reported in the current literature are shown. As can be observed, 
there is a considerable discrepancy in the reported values. Further, it is reported that 
the elastic modulus of corrosion products is time-dependent and would increase with 
time, which makes measurement more challenging (Caré, Nguyen, L’Hostis & 
Berthaud, 2008). 
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Table 2.2 
Typical Values of Modulus of Elasticity of Corrosion Products 
Reference Min (GPa) Max (GPa) 
Suda et al. (1993) 0.20 0.49 
Ouglova et al. (2006) 0.40 6.00 
Hosemann et al. (2008) 70.00 100.00 
Zhao, Yu et al. (2012) 0.10 48.00 
 
2.3 Corrosion of Steel in Reinforced Concrete 
Reinforced concrete is a widely used construction material. As a composite material, 
reinforced concrete is strong and durable. It consists of concrete, which has high 
compressive strength, and steel bar with high tensile strength. However, sometimes it 
underachieves in structures due to poor design, poor construction, poor materials 
selection and harsh environments (MacGregor, Wight, Teng & Irawan, 1997). 
Concrete cover serving as a protection layer to prevent the steel from corrosion no 
doubt has a significant influence on the corrosion process. 
In this section, the properties of concrete are briefly presented. The 
mechanisms of corrosion of steel in concrete are separately discussed, and their effects 
on concrete cover cracking are discussed. 
2.3.1 Mechanisms of corrosion in reinforced concrete 
Corrosion process. In the corrosion of steel in reinforced concrete, the steel serves as 
the anode during the corrosion and dissolves in the pore solution of concrete, releasing 
electrons: 
𝐹𝑒 → 𝐹𝑒2+ + 2𝑒− (2.3) 
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Then, the ferrous ions seep into the pore solution while the electrons released 
move through the steel to an adjacent cathode. The electrons have to be consumed at 
the cathodic site to maintain the electrical neutrality, where they can combine with 
water and oxygen to generate hydroxyl ions as shown in reaction 2.2. Therefore, the 
ferrous ions from the anode and the hydroxyl ions from the cathode form the ferrous 
hydroxide: 
𝐹𝑒2+ + 2𝑂𝐻− → 𝐹𝑒(𝑂𝐻)2 (2.4) 
With sufficient oxygen, reaction 2.4 continues, and hydrated ferric oxide can 
be formed: 
𝐹𝑒 + 3𝑂2 + 2𝐻2𝑂 → 2𝐹𝑒2𝑂3 ∙ 𝐻2𝑂 (2.5) 
The schematic representation of the full corrosion process in reinforced 
concrete is illustrated in Figure 2.6. 
 
 
Figure 2.6. The schematic illustration of the corrosion process on steel. 
 
Passive film. Concrete is a porous material containing high concentrations of 
soluble calcium, sodium and potassium oxides (Mehta & Monteiro, 2017). The 
alkaline condition, in which the pH usually ranges from 12–13 (Taylor, 1997), leads 
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to the formation of an oxide passive film at the steel bar surface before the corrosion 
begins (Glass, Reddy & Buenfeld, 2000). The passive film is dense and impenetrable 
to prevent further corrosion of the steel bar. Once the passive film at the steel bar 
surface breaks down, corrosion will be initiated, and corrosion products will begin to 
grow at the steel surface. 
The passive film is regarded as an ideal coating for the steel bar, as it forms 
itself at the steel bar surface and repairs itself as long as the environment reverts to 
alkaline. It is reported that the thickness of the passive film is usually less than 15 nm 
and is formed primarily of FeOOH, Fe2O3 and Fe3O4 (Alhozaimy, Hussain & Al-
Negheimish, 2016). The variations of the compositions of the pore solution in concrete 
affect the quality of the passive film (Montemor, Simoes & Ferreira, 1998). The 
adequate availability of free oxygen at the steel surface is vital for the formation of the 
passive film (Alhozaimy et al., 2016). It has also been observed that the stability of the 
passive film on the steel bar surface can be weakened in the presence of sulphate ions 
(Ghods, Isgor, McRae & Miller, 2009). 
Under ideal conditions, the loss of the steel bar in concrete due to corrosion is 
typically less than 1 µm per year. However, when the steel bar de-passivates and loses 
the passive protective film, the loss of the steel bar increases, raising concerns about 
the structural integrity of reinforced concrete structures. This de-passivation of the 
passive oxide film may be caused by the leaching of the fluids from concrete, 
carbonation, or the uptake for chloride ions. 
Controlling factors in the corrosion of steel. It is widely accepted that the 
availability of oxygen at the steel–concrete interface and electrical resistivity of 
concrete are the controlling factors for the corrosion of steel in concrete. Both factors 
are highly related to the degree of water saturation in concrete. Raupach (1996) studied 
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the influence of oxygen diffusion on the corrosion rate. He found that the corrosion 
rate is significantly limited by diffusion of oxygen when the cathodic reaction has 
consumed most of the oxygen at the steel surface. González, Molina, Otero & López 
(1990) found that the lack of oxygen at the steel surface can also lead to some cathodic 
processes when the steel–concrete interface affords relatively low pH environments. 
The correlation between the electrical resistivity of concrete and corrosion rate has 
been investigated in many studies (Feliu, González, Feliu & Andrade, 1989; 
Hornbostel, Larsen & Geiker, 2013; Ramezanianpour, Pilvar, Mahdikhani & Moodi, 
2011; Sadowski, 2013). It is widely accepted that high concrete electrical resistivity 
helps decrease the corrosion rate. However, the range of concrete resistivity varies 
from 10 Ω m to 106 Ω m, which is affected by pore structure, moisture and 
temperature (Andrade et al., 2004). 
Carbonation mechanism. Carbonation of concrete is one of the main factors 
that induce the corrosion of steel in reinforced concrete. Concrete carbonation is the 
reaction between carbon dioxide in the atmosphere with the concrete pore solution, 
which contains calcium hydroxide and calcium silicate hydrate. Carbonation does not 
attack the cement paste; it only neutralises the alkali in the concrete pore solution. 
Carbonation also causes shrinkage of concrete, resulting in shrinkage cracks. The 
reactions of carbonation are: 
𝐶𝑂2 +𝐻2𝑂 → 𝐻2𝐶𝑂3 (2.6) 
𝐻2𝐶𝑂3 + 𝐶𝑎(𝑂𝐻)2 → 𝐶𝑎𝐶𝑂3 + 2𝐻2𝑂 (2.7) 
Calcium hydroxide in the concrete pore solution usually helps maintain the pH 
of the concrete at an average level of around 12–13. However, the carbonation process 
gradually consumes the local calcium hydroxide and turns it into calcium carbonate. 
Therefore, the alkalinity of concrete is reduced, which results in a pH drop to a level 
at which corrosion could be initiated. 
22 
The number of cases of carbonation-induced corrosion has been growing due 
to the ageing of reinforced concrete structures. Carbonation is a slow and natural 
process. The main reason that carbonation of concrete initiates the corrosion of steel 
is due to the neutralisation of the pore solution destroying the passive film. The pH 
value of the pore solution drops from 13 to below 9 (Glass, Page & Short, 1991). It 
makes it easy to detect the carbonation front inside the concrete using a pH indicator. 
Phenolphthalein is commonly used to detect the freshly exposed concrete face. 
Carbonation of concrete progresses with exposure duration. It is accepted that 
the rate of carbonation is proportional to the square root of exposure duration (Ho & 
Lewis, 1987): 
𝑥 = 𝑥0 + 𝑘√𝑡 (2.8) 
In Equation 2.8, 𝑥 is the depth of carbonation, t is the exposure period, 𝑥0 is 
the initial depth of carbonation (which is normally small) and 𝑘  is the rate of 
carbonation. The rate of carbonation (𝑘) depends on concrete quality, temperature and 
relative external humidity (Saetta, Schrefler & Vitaliani, 1993). Naturally, the 
resistance of concrete against carbonation is in proportion with the thickness of the 
concrete cover, as well as the quality of the concrete cover. The most important factor 
that influences the ability of concrete to resist carbonation is the thickness of the 
concrete cover. Thick concrete cover makes the diffusion process more difficult. 
Further, a concrete of good quality, which has a less open pore structure, helps reduce 
the rate of carbonation. 
Chloride attack. Chloride-induced corrosion is a well-known and common 
problem in marine structures and bridge decks that suffer chloride-containing 
admixtures or de-icing salts. When the steel in concrete is in contact with chloride ions, 
the passive film at the steel surface breaks down. Therefore, the steel bar is prone to 
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pitting (Saremi & Mahallati, 2002). The de-passivation process of chloride attack is 
different from that of carbonation (discussed in Section 2.2). The chloride attack does 
not lead to an overall pH value decline. Instead, chloride ions act as catalysts during 
the passive film breakdown. As a result, the concentration of chlorides ions remain in 
the pore solution at the steel–concrete interface, helping break down the passive film 
without being consumed. This makes the chloride-induced corrosion difficult to 
remedy. The schematic representation of the chloride attack process is illustrated in 
Figure 2.7. 
 
 
Figure 2.7. The schematic illustration of chloride attack on steel. 
Source: Berrocal (2017). 
 
From Figure 2.7, it can be observed that the anode and cathode of the corrosion 
caused by chloride are often separated with the pitting areas by uncorroded area, which 
is known as microcell. Corrosion induced by chlorides is prone to microcell formation 
while it is in a macrocell formation along the steel in carbonated concrete. 
The diffusion process of chloride ions is also regarded as the corrosion 
initiation stage in chloride-induced corrosion. It is a period during which chlorides 
begin to penetrate the concrete until the concentration of chlorides at the steel surface 
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reaches a critical value. This diffusion process is governed by Fick’s second law of 
diffusion, which can be expressed as follows: 
𝜕𝐶(𝑥, 𝑡)
𝜕𝑡
=
𝜕
𝜕𝑥
[𝐷𝑑𝑖𝑓𝑓
𝜕𝐶
𝜕𝑥
] (2.9) 
where 𝐶(𝑥, 𝑡) is the chloride concentration at depth 𝑥 after time 𝑡, 𝐷𝑑𝑖𝑓𝑓  is the 
diffusion coefficient of concrete, and both 𝐶(𝑥, 𝑡)  and 𝐷𝑑𝑖𝑓𝑓  are time-dependent 
variables (Song, Lee & Ann, 2008). Therefore, the rate of chloride ingress is 
proportional to the concentration gradient and the diffusion coefficient of the concrete. 
It should be noted that the diffusion coefficient of the concrete is dependent primarily 
on the pore structures, water saturation and the thickness of concrete cover. It varies 
from 10-12 to 10-11 m2/s (Zhang & Lounis, 2006). 
Chloride threshold is widely used to assess the service life of corrosion-
affected structures. Chloride threshold is defined as the chloride level at the depth of 
the steel bar, which leads to a significant corrosion rate. Chloride threshold level is 
expressed as a free chloride content to hydroxyl concentration ratio in the concrete 
pore solution. Early studies indicate that chloride threshold is best expressed as the 
free chloride content to hydroxyl concentration ratio, based on the idea that only free 
chloride presents a corrosion risk. With the laboratory measurement of pore solution, 
it was found that if the free chloride to hydroxyl concentration ratio exceeds 0.6, 
corrosion could be observed (Hausmann, 1967). However, the ratios of 𝐶𝑙−/𝑂𝐻− 
have been found to vary widely in different environments. Lambert, Page and Vassie 
(1991) reported that the ratios between 3 and 20 can initiate corrosion, while Tritthart, 
Pettersson and Sorensen (1993) found that the threshold ratios range from 2.5–6. 
Conversely, the chloride threshold can also be expressed by the total chloride 
contents relative to the weight of cement. The total chloride by the weight of cement 
can be measured by using soluble acid extraction in which both bound and free 
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chlorides are soluble in acid. Table 2.3 lists the limits of the total chloride content in 
various ACI and BS documents. Total chloride content is more widely used as the 
chloride threshold because it is relatively easy to determine and involves corrosion risk 
due to bound chloride. It is suggested that the total chloride content is a more accurate 
indicator as chloride threshold (Glass et al. 2000), as bound chlorides can be released 
to participate in the corrosion process with low local pH value. 
 
Table 2.3 
Maximum Chloride Content Values Set by Various ACI and BS Documents 
Type 
Maximum chloride content (%, 
cem.) 
BS 
8110 
ACI 
201 
ACI 
357 
ACI 
222 
Prestressed concrete 0.10  0.06 0.08 
Reinforced concrete exposed to chloride in 
service 
0.20 0.10 0.10 0.20 
Reinforced concrete that will be dry or 
protected from moisture in service 
0.40 - - - 
Other reinforced concrete - 0.15 - - 
 
2.3.2 Concrete properties 
The components in concrete. Concrete is a mixture of water, cement, aggregates and 
admixtures. Cement is a mixture of calcium, silica, lime, iron oxide and magnesia 
ground to fine powder, burned in a kiln and ground again. It is used as a binding agent 
for mortar and concrete after hydration. Four major minerals are constituents of 
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ordinary Portland cement: C3S, C2S, C3A, and C4AF, in which C stands for calcium 
phase, S for silica phase, A for aluminium phase and F for iron phase. Mineral 
compositions of cement have direct influences on corrosion of steel in concrete. As 
part of chlorides can be bonded with C3A, the corrosion process can be affected by the 
amount of C3A in cement. For example, the use of sulphate resistant cement, which 
has a low C3A content, results in a worse chloride resistant capability compared to 
ordinary Portland cement (Dakhil, Al-Gahrani, Al-Saadoun & Bader, 1990). For 
blended cement containing fly ash, slag or silica fume, hydration products vary 
significantly, leading to different microstructures and pore solutions around the steel, 
which have a direct impact on the corrosion process (Simčič, Pejovnik, De Schutter & 
Bosiljkov, 2015; Thomas & Bamforth, 1999; Zuquan, Wei, Yunsheng, Jinyang & 
Jianzhong, 2007). 
Nearly three-quarters of the volume of concrete is occupied by aggregate, so 
its properties are of considerable importance. The chemical compositions, mechanical 
properties, size, shape and surface texture of aggregate all directly affect the concrete 
properties, as well as corrosion resistance. Yu and Hartt (2007) reported that the spatial 
distribution of coarse aggregates immediate to the embedded steel bar influenced the 
distribution and measured value of chloride ions. Additionally, some impurities 
included in aggregates may contain a large amount of chlorides or sulphate—both are 
detrimental to concrete properties and corrosion resistant capability (Al-Amoudi & 
Maslehuddin, 1993; Al-Tayyib, Somuah, Boah, Leblanc & Al-Mana, 1988). However, 
it has been reported that the impurity in coarse aggregates, such as dust, did not 
contribute to the corrosion initiation of the steel bar (Maslehuddin, Al-Mehthel, Alidi, 
Shameem & Ibrahim, 2010). 
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Admixtures in concrete can be categorised as mineral additives and chemical 
additives. Mineral additives, such as fly ash, slag and silica fume, have been widely 
used in recent years due to their excellent performance in improving concrete 
properties. Fly ash helps enhance the strength of concrete and the corrosion resistance 
of reinforced concrete by decreasing the permeability of concrete to chloride ions 
(Hussain 1994; Saraswathy, Muralidharan, Thangavel & Srinivasan, 2003). Blast-
furnace slag and silica fume also exhibit excellent performance in reducing chloride 
diffusivity and carbonation resistance (Kulakowski, Pereira & Dal Molin, 2009; Leng, 
Feng & Lu, 2000). All these mineral additives improve the corrosion resistance of 
reinforced concrete in terms of increasing the hydration of cement and refining the 
pore structure of cement paste. 
Chemical additives such as superplasticisers and corrosion inhibitors increase 
the corrosion resistance of reinforced concrete in different ways. Yu et al. (2010) found 
that specific superplasticisers help improve the corrosion resistance of steel bar due to 
improvement to the microstructure of the steel–concrete interface, such as the amount 
and distribution of air voids. Corrosion inhibitors that have been widely used, such as 
amino alcohols (AMAs), calcium nitrites (CN) and sodium monofluorophosphates 
(MFPs), can diminish the corrosion potential of the steel bar, increase the pH near the 
steel bar, and reduce oxygen transport (Söylev & Richardson, 2008). However, 
corrosion inhibitors would be less effective after the corrosion is initiated (Sastri, 
1998). 
Microstructures of concrete. Concrete is a heterogeneous material, not only 
due to its complex compositions but also due to the heterogeneous nature of its 
components. With different w/c ratios, cement types, curing methods and curing time, 
the microstructures of mortar may vary considerably as the compositions and 
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microstructures of hydration products change correspondingly. Aggregates are not 
pure substances, so their chemical composition, size and shape also affect concrete 
microstructure. Nowadays, the interfacial transition zone (ITZ) has also been 
considered by most researchers. Therefore, concrete is regarded as a three-phase 
material (Elsharief, Cohen & Olek, 2003). The typical phases in concrete are shown in 
Figure 2.8. 
 
Concrete
Aggregate ITZMortar
Sand
Cement 
paste
Pores
Hydration 
products
Unhydrated 
grains
Gel pores
 
Figure 2.8. Phases of hardened concrete. 
 
Pores in concrete can be classified into three groups according to their location 
and size in the concrete. First, the smallest pores in concrete are present in the C-S-H 
gel, called interlayer pores. Their size scale is in nanometres, usually 0.5–4 nm (Bágel 
& Živica, 1997). They constitute almost 28 per cent of the total C-S-H gel volume. The 
pores existing among cement hydration products are called capillary pores and range 
in size between 10 nm and 10 µm. It is suggested that the capillary pores significantly 
relate to the mechanical properties of mortar and concrete (Yaman, Aktan & Hearn, 
2002). The last type of pores in concrete is large voids, ranging from 1–3,000 µm. 
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These voids can be divided into entrained pores and entrapped pores, forming by 
inescapable air during the mixing process. The pore system of concrete is shown in 
Figure 2.9. 
 
 
Figure 2.9. Pore system in concrete. 
 
Different sizes and distributions of these pores in concrete can result in 
different effects on steel corrosion. Before corrosion initiation, pore structures 
significantly affect the diffusion process of aggressive chemicals, such as chlorides 
and carbon dioxides, and the availability of oxygen in concrete. Some studies stated 
that the diffusion coefficient of chloride ions shows a linear relationship with mean 
pore sizes (Roy, 1988) or critical pore sizes (Halamickova, Detwiler, Bentz & 
Garboczi, 1995) in concrete. Hussain and Ishida (2010) investigated the diffusion of 
oxygen in concrete with different pore structures and moisture states. The results 
showed that the reduction of porosity (resulting from continuous hydration) makes it 
harder for oxygen to diffuse. Pore structures also affect concrete resistivity, which is 
often used to describe the corrosion resistant capability (López & González, 1993; 
Pilvar, Ramezanianpour & Rajaie, 2015). 
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Pore structures can also affect corrosion-induced cracking behaviour in steel 
reinforced concrete. Cracking behaviour largely depends on the mechanical properties 
of concrete (Vidal, Castel & François, 2004). During the corrosion process, pores in 
concrete accommodate corrosion products, thereby affecting cracking initiation time 
and crack width. Though large pores lead to reduced mechanical properties of concrete, 
they provide more space for corrosion products to accumulate. This can explain why 
some concrete with less tensile strength has a more narrow corrosion-induced crack 
width (Alonso et al., 1998). 
Mechanical properties of concrete. Three mechanical properties of concrete 
are of interest for corrosion-induced concrete cover cracking: compressive strength, 
tensile strength and Young’s modulus. In engineering practice, concrete property is 
usually dependent on two main factors: w/c ratio and compaction. As there are many 
compaction operation methods in practice—which result in the variations of concrete 
properties—we assume that the concrete mentioned below is all fully compacted.  
It is widely accepted that the compressive strength of concrete is inversely 
proportional to w/c ratio. Various empirical equations have been built between 
compressive strength and w/c ratio. It is suggested that there is a linear relationship 
between the compressive strength and w/c ratio. When concrete is fully compacted, 
the relationship between the compressive strength and w/c ratio can be expressed as 
(Abrams, 1919): 
 𝑓𝑐 =
𝐾1
𝐾2
𝑤/𝑐
 (2.10) 
However, it is suggested that this linear relationship does not extend beyond 
w/c = 0.38 (Mehta, 1986). Once the w/c ratio exceeds 0.38, there is another linear 
relation between strength and w/c ratio (Nielsen, 1993), where w/c represents the w/c 
ratio, and 𝐾1 and 𝐾2 are empirical constants. 
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Although the compressive strength of concrete is the most commonly used 
property considered in structure design, for some specific purposes tensile strength is 
also of great interest, especially in the analysis of cracking in concrete (Li, 2003; Li et 
al., 2006; Liu & Weyers, 1998; Zhao, Dong, Wu & Jin, 2016). There are two main 
methods to test the tensile strength of concrete: splitting tensile strength test on 
concrete cylinders as shown in Figure 2.10(a), and flexural strength test on concrete 
beams as shown in Figure 2.10(b). The results of these tests are different. It is widely 
accepted that the results obtained from the splitting test are usually higher than those 
obtained from the flexural test (Zhou, Balendran & Jeary, 1998). The tensile strength 
of concrete is generally 8~15 per cent of compressive strength (Shah, Swartz & 
Ouyang, 1995). 
 
 
 
(a) Splitting tensile test on concrete 
cylinder specimen 
(b) Flexural test on concrete beams 
*(i) ASTM C 78 third-point loading (ii) centre-
point loading 
Figure 2.10. Tests for the tensile strength of concrete. 
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Several empirical formulae have been used to describe the relationship 
between compressive strength and tensile strength. Many empirical formulae are of 
the form: 
 𝑓𝑡 = 𝑘(𝑓𝑐)
𝑛 (2.11) 
where 𝑘 and 𝑛 are coefficients. 
For splitting strength test and cylinder compressive strength test (Gardner & 
Poon, 1976), Equation 2.11 can be rewritten as: 
 𝑓𝑡 = 0.3(𝑓𝑐)
2
3 (2.12) 
An expression for the compressive strength and tensile strength used in the 
British Code of Practice BS EN 1992-3: 2006 Eurocode 2 can be expressed as: 
 𝑓𝑐 = 0.12(𝑓𝑡)
0.7 (2.13) 
where 𝑓𝑡 represents the direct tensile strength, and 𝑓𝑐  is determined on cubes. 
Without doubt, the higher the compressive strength, the higher elastic modulus 
concrete possesses. ACI 318-02 describes the relationship between compressive 
strength and elastic modulus as: 
 𝐸 = 4.73(𝑓𝑐
′)0.5 (2.14) 
where 𝑓𝑐
′ is the compressive strength of standard cylinder test in MPa, and 𝐸 is 
in GPa. It should be noted that the validity of the relations between compressive 
strength and elastic modulus depends highly on the testing arrangements. 
Generally, the higher the w/c ratio, the lower the elastic modulus. This is 
expected, as higher w/c ratio results in higher porosity and lower strength. However, 
though the w/c ratio is kept constant, porosity may vary significantly (Mills, 1986). In 
contrast, the porosity can be kept constant while the w/c ratio varies. Thus, some 
studies focus on the relation between the elastic modulus and porosity, not the w/c 
ratio (Jin, Du & Ma, 2012; Yaman, Aktan & Hearn, 2002). Extensive research 
indicates that the elastic modulus is inversely proportional to the total porosity (Jin et 
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al., 2012; Yaman, Hearn & Atkin, 2002). This is due to the increasing empty space in 
the concrete resulting in less load bearing capacity. Some models have been built to 
formulate the relationship between the elastic modulus and porosity based on two-
phase meso-mechanical models (Roy & Gouda, 1973; Röβler & Odler, 1985). 
However, these models do not show a good agreement with experimental results, as 
they neglect the influence of ITZ (Yaman, Hearn & Atkin, 2002). 
2.3.3 Corrosion damages in reinforced concrete 
In an early study by Tuutti (1982), corrosion of steel in reinforced concrete was divided 
into two stages: corrosion initiation and corrosion propagation. By extending this 
concept to a further stage, the corrosion of steel in reinforced concrete can be described 
as a three-stage process: (i) corrosion initiation; (ii) rust propagation; and (iii) 
corrosion acceleration (see Figure 2.11). 
 
 
Figure 2.11. Service life of reinforced concrete subjected to corrosion-induced 
cracking. 
 
The corrosion damage process starts from stage II, the rust propagation stage. 
In this stage, corrosion products start accumulating at the steel–concrete interface. The 
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volume expansion of corrosion products exerts a gradually increasing pressure on the 
surrounding concrete cover. When this internal stress in concrete eventually reaches 
the tensile capacity of concrete, the cracking process in concrete will be initiated. 
The corrosion acceleration stage begins when corrosion-induced cracks reach 
the concrete surface. In stage III, corrosion is accelerated by the ingress of aggressive 
ions through the open cracks, until the appearance of concrete spalling and 
delamination. Then, the service life of structure ends. Service life prediction in this 
stage is based on limit states defined using the width of surface cracks. Investigation 
of service life based on this stage is beyond the scope of this study. 
The loss of structural serviceability due to corrosion can be caused by cracking 
and delamination (Li et al., 2007). Field observations suggest that corrosion-affected 
structures are more prone to cracking and delamination than the loss of structural 
strength (Li, 2003). Concrete delaminates when corrosion-induced cracks propagate 
and connect. Delamination of concrete cover is mainly due to the joining of horizontal 
cracks. 
The importance of vertical surface cracking has been widely recognised, as it 
accelerates the corrosion process. It is also a significant indicator of structural 
serviceability due to easy inspections. By contrast, horizontal cracks on the plane of 
steel bars are difficult to detect visually before spalling occurs. Some studies have been 
conducted to predict concrete delamination (Bazant, 1979a; Kanninen & Popelar, 1985; 
Molina, Alonso & Andrade, 1993). It is reported that certain geometric conditions 
must be satisfied to induce concrete delamination (see Figure 2.12) (Bazant, 1979b). 
The spalling of the concrete cover largely depends on the size of the horizontal crack 
opening at the fracture plane of steel bars. 
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(a) Inclined fracture plane (b) Parallel fracture plane 
Figure 2.12. Bazant’s (1979) condition for delamination. 
 
The main difficulty in the study of concrete delamination is that internal 
horizontal cracks are difficult to observe and monitor. The main consequence of 
concrete cover delamination is the risk of falling concrete and undesirable appearance.  
2.3.4 Measurement of corrosion of steel 
Half-cell potential. Corrosion of steel is an electrochemical process. It can be 
characterised by its half-cell potential. Half-cell can be measured by connecting an 
electrode as a half-cell with the steel bar in concrete. The movable reference electrode 
for site use is copper/copper sulphate or silver/silver chloride in potassium chloride 
solution. A high impedance voltmeter is used to show the potential difference between 
the two half-cells (see Figure 2.13). The greater the potential, the higher the corrosion 
risk. 
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Figure 2.13. Half-cell potential measurement. 
Source: Gu and Beaudoin (1998). 
 
Half-cell potential mapping is an effective means of detecting the risk of 
corrosion. By moving the reference electrode along the concrete surface, the half-cell 
potential changes with the condition of the steel bar surface below the concrete cover. 
If the steel bar surface remains passive, the potential is low. At areas that are corroding, 
the potential would increase. Environmental conditions should be considered when 
interpreting half-cell potential maps. Further, the half-cell potential method detecting 
the corrosion of steel is empirical, and the results vary from different types of concrete. 
Table 2.4 shows the ASTM C876 criteria for the interpretation of the half-cell potential. 
 
Table 2.4 
ASTM C876 Criteria For The Half-Cell Potential 
Corrosion potential values (Ecorr)  Corrosion probability (%) 
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Ag/AgCl (mV) Cu/CuSO4 (mV)  
>–125 >–200 10 (low risk of corrosion) 
–126 ~ –275 –200 ~ –350 Intermediate 
<–276 <–350 90 (high risk of corrosion) 
<–426 <–500 Severe corrosion 
 
This technique has some limitations when measuring saturated concrete in 
which no oxygen is available. Without oxygen, there can be no corrosion. However, if 
the concentration of iron dissolving in the pore solution is high, the half-cell potential 
can be still very high, which may lead to misinterpretation. It should also be noted that 
half-cell potential only represents the corrosion risk of the steel bar. It does not 
measure the corrosion rate directly. 
Linear polarisation. Linear polarisation is one way to measure corrosion rate, 
also known as polarisation resistance. With the known corrosion rate, the rate of steel 
bar mass loss can be predicted. The prediction is based on Faraday’s law by converting 
the electric current generated by the anodic and cathodic reactions into the mass loss: 
𝑚𝑙𝑜𝑠𝑠 =
𝑀𝐹𝑒𝐼𝑐𝑜𝑟𝑟𝑡
𝑧𝐹
 (2.15) 
where 𝑚𝑙𝑜𝑠𝑠 is the mass loss of the steel bar, 𝑀𝐹𝑒 is the atomic weight of iron, 
𝐼𝑐𝑜𝑟𝑟 is the corrosion current, 𝐹 is the Faraday constant (96,485 C/mol), 𝑧 is the ionic 
charge (2 for 𝐹𝑒2+ and 3 for 𝐹𝑒3+) and 𝑡 is time. Therefore, the key to the prediction 
of mass loss is to accurately measure the electric current in the corrosion cell. 
Linear polarisation for the measurement of corrosion rate in reinforced 
concrete is carried out by polarising the steel bar with an electric current and 
monitoring the change in the half-cell potential. An auxiliary electrode and a variable 
low-voltage direct current power supply are required (see Figure 2.14). 
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Figure 2.14. Linear polarisation. 
Source: Millard and Sadowski (2009). 
 
The change of the half-cell potential caused by the impressed direct current 
should be kept below 20 mV so that the polarisation process of the steel bar remains 
linear; variation of the half-cell potential can be related to the corrosion current as: 
𝐼𝑐𝑜𝑟𝑟 =
𝐵
𝑅𝑝
 (2.16) 
where 𝐼𝑐𝑜𝑟𝑟 is the corrosion current, 𝐵 is a constant ranging from 26 to 52 mV 
which is dependent upon the condition of the steel bar, and 𝑅𝑝  is the polarisation 
resistance.  
There are two ways to measure corrosion current. One is to keep the direct 
current constant; the other is to increase the current to achieve a certain target potential. 
Based on the measured 𝐼𝑐𝑜𝑟𝑟, the corrosion rate can be calculated as: 
𝑖𝑐𝑜𝑟𝑟 =
𝐼𝑐𝑜𝑟𝑟
𝐴
 (2.17) 
where 𝐴 is the measured surface area of the steel bar (area under the ring in 
Figure 2.14). It should be noted that the linear polarisation technique is only able to 
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detect the instantaneous corrosion rate; the measured area of steel bar is a defined 
assumption when calculating the corrosion rate based on Equation 2.17. 
2.4 Steel–Concrete Interface 
The steel–concrete interface is the area between steel and concrete, which is of high 
porosity compared with the bulk concrete. The steel–concrete interface has similar 
effects as ITZ, but much worse. As a bi-material, the steel–concrete interface in 
reinforced concrete is often regarded as the weakest part, which is schematically 
illustrated in Figure 2.15 (Walter, Østergaard, Olesen & Stang, 2005). 
It has been widely reported that the microstructure of steel–concrete interface, 
where the corrosion initiates and develops, significantly affects corrosion and 
concrete-cracking processes (Angst et al., 2017; Chen et al., 2018; Page, 1975; Shi & 
Ming, 2017; Söylev & François, 2003; Xi et al., 2018). The interface of steel–concrete 
is the region where corrosion takes place and provides the humidity, oxygen and space 
for corrosion (Castel, Vidal, François & Arliguie, 2003; Horne et al., 2007; Zhao, 
Dong, Wu & Jin, 2016). The corrosion products growing at the steel–concrete interface 
produce expansion stress, which induces the cracking of concrete cover (Otieno, 
Ikotun & Ballim, 2019; Ye, Jin, Fu & Jin, 2017). Although extensive research on the 
mechanisms of steel corrosion (Güneyisi, Gesoğlu, Karaboğa & Mermerdaş, 2013; 
Page, 2009; Suda et al., 1993) and the mechanisms of concrete cracking (Bazant & Oh, 
1983; Chernin, Val & Volokh, 2010; Hillerborg, Modéer & Petersson, 1976) has been 
conducted, it is still challenging to accurately predict corrosion-induced cracking of 
concrete due to a lack of knowledge on the microstructure of the steel–concrete 
interface. 
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Figure 2.15. Schematic illustration of the steel–concrete interface. 
Source: Walter et al. (2005). 
 
In this section, studies on the steel–concrete interface are reviewed. The 
influence of the steel–concrete interface on corrosion-induced concrete cracking is 
investigated by conducting a sensitivity analysis. The roles of the corrosion layer that 
grows at the steel–concrete interface during the concrete-cracking process are 
discussed. Further, models for corrosion layer at the steel–concrete interface are 
presented. 
2.4.1 Porous band at steel–concrete interface 
The steel bar has a much smoother surface texture than aggregate does. It imposes an 
adverse effect on the interface between steel and concrete. Some experimental 
investigations show that the micro-bleeding effect in the steel–concrete interface is 
more evident than it is in ITZ (Chen et al., 2018). It has been reported that below the 
steel, the micro-bleeding is more significant (Chen et al., 2018; Horne et al., 2007). It 
can be observed that the area of the black part near the white steel in Figure 2.16(b) is 
much larger than that in Figure 2.16(a). This shows the significant micro-bleeding 
effect on the steel–concrete interface. Another factor causing the worse properties of 
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the interface lies in the significant difference between the elastic moduli of the steel 
and concrete, which leads to more micro-cracks in the steel–concrete interface 
(Akçaoğlu, Tokyay & Çelik, 2004). 
 
 
Figure 2.16. The steel–concrete interfaces of the top side of the steel rib and 
underside of steel rib. 
Source: Horne et al. (2007). 
 
Despite the worse microstructures and properties of the steel–concrete 
interface, this micro-region also has a significant influence on the corrosion of steel. 
The corrosion rate in this area was found to be higher because of the higher porosity 
(Nasser, Clément, Laurens & Castel, 2010). As the cement mortar covering the steel 
surface provides a protective cover to prevent steel from corrosion, the interface 
condition between steel and concrete plays an important role in the steel surface de-
passivation (Mohammed, Otsuki, Hamada & Yamaji, 2002; Page, 2009). 
Glass et al. (2001) used 200 µm steel ribbons in concrete samples to observe 
the steel and concrete interface microstructure using BSE microscope imaging. 
However, the size of steel ribbons cannot represent the interface in real RC structures. 
Horne et al. (2007) used 9 mm steel bars in the study of the microstructure of the steel–
(a) (b) 
Underside of steel 
rib 
Top side of steel 
rib 
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concrete interface, but 9 mm is usually the size of the mesh. In most large-scale RC 
structures, steel bars larger than 12 mm in diameter are normally required (ACI, 2015). 
Moreover, only two locations—the top and bottom sides of the steel—were 
quantitatively analysed in their study (see Figure 2.16). This appears to be inadequate 
to represent the whole steel–concrete interface around the steel bar. A thorough 
quantitative measurement should be conducted for the entire interface area around the 
steel. 
The steel–concrete interface has been considered in some studies on corrosion-
induced concrete cracking, in which it is regarded as a porous zone around the steel 
bar with uniform thickness (Liu & Weyers, 1998). The term ‘porous band (d0)’ is used 
instead of the porous zone in this thesis to represent the entire voids and high porous 
area around the steel–concrete interface. Various thicknesses for the porous band have 
been used in predictive models to determine time to corrosion-induced concrete 
cracking (El Maaddawy & Soudki, 2007; Liu & Weyers, 1998; Lu et al., 2011). 
However, no substantial experimental evidence has been found in the literature to 
support these assumptions for the thickness of the porous band. Also, the influence of 
the porous band on the predictive results from existing models for time to cover 
cracking remains unknown. 
2.4.2 Corrosion layer at steel–concrete interface 
Concrete cover cracking depends on the volume of the corrosion products, which 
varies with corrosion progress. Figure 2.17 illustrates the roles of corrosion products 
at the steel–concrete interface during the process of concrete cracking in reinforced 
concrete. 
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Figure 2.17. The roles of corrosion products during concrete cover cracking. 
 
Based on the cracking level caused by corrosion, the process can be broken 
into two stages: cracking initiation and cracking propagation. Cracking initiation 
includes the free expansion stage of corrosion products, in which the corrosion 
products fill the porous band at the steel–concrete interface. At a later stage of cracking 
initiation, corrosion products begin penetrating the adjacent cement paste. The crack 
propagation stage begins after the porous band is fully filled when the expansive stress 
initiates inner cracks. During this stage, the expansion stress increases and the inner 
cracks extend outwards as corrosion continues. The crack propagation stage ends when 
the first surface crack is observed. The width of both surface and inner cracks increases 
after the surface cracking. 
Based on Figure 2.17, the corrosion products consist of different parts that play 
individual roles during the process of corrosion-induced concrete cracking (as 
illustrated in Figure 2.18). In stage I, the corrosion layer (dcorr) is equal to the porous 
band (d0) at the stage of free expansion with no expansion stress based on the widely 
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applied hypnosis proposed by Liu and Weyers (1998). As the cement paste close to 
the steel bar is highly porous, the corrosion products begin to penetrate the cement 
paste (Wong et al., 2010). Thus, the corrosion layer consists of two parts at the later 
stage of the crack initiation without producing expansive stress on surrounding 
concrete cover. Some part of them fills out the porous band, and the rest penetrates the 
porous cement paste (dcorr = d0 + dpenetration). As corrosion proceeds, the corrosion layer 
continues growing and applying expansive stress on the surrounding concrete, causing 
extension of the inner cracks as shown in the stage of crack propagation in Figure 2.18. 
Therefore, at the stage of crack propagation, the corrosion layer consists of three parts: 
dcorr = d0 + dpenetration + dexpansion. It is also reasonable to assume that corrosion products 
would penetrate the cement paste of the newly formed crack surface at stage III, as 
shown in Figure 2.18. 
 
 
Figure 2.18. Corrosion deposition and penetration at different stages of concrete 
cracking. 
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Some hypotheses have been proposed on the roles of corrosion products at 
different stages. At the stage of crack initiation, though the notion that corrosion 
products fill the porous band has been assumed in most of the studies, no experimental 
evidence has been shown in the literature to support this. For corrosion penetration 
throughout the cracking process, some studies (Zhao et al., 2014) found that the 
amount of corrosion penetration in cement paste increases to a certain level and then 
remains constant while corrosion proceeds. In most studies, this role of corrosion 
products in the cement paste is usually assumed not to contribute to the crack 
propagation (Lu et al., 2011; Zhao et al., 2016). However, the variation of corrosion 
penetration due to the influence of concrete quality and geometry has not been 
investigated. For the migration of corrosion products into the cracks, some researchers 
have attempted to predict the amount of corrosion products in the cracks 
mathematically (Kiani & Shodja, 2011). Lu et al. (2011) also considered the role of 
corrosion product in the cracks in the prediction of corrosion-induced concrete cover 
cracking, which is also assumed not to contribute to concrete cracking. Therefore, it is 
imperative to carry out investigations on the corrosion products in reinforced concrete 
throughout the concrete-cracking process. 
2.4.3 Models for the corrosion layer at the steel–concrete interface 
Investigation of the distribution of corrosion products around the steel bar is also vital 
for predicting concrete cracking, which can be caused by localised stress. Most 
analytical models developed thus far assume that corrosion products are uniformly 
distributed around the steel bar (Bhargava et al., 2003; Chernin et al., 2010; El 
Maaddawy & Soudki, 2007; Li et al., 2006). However, the uniform distribution of 
corrosion products is not observed in most cases in practice. 
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Wong et al. (2010) measured the amount of corrosion products and their 
induced damage, in which the corrosion of steel was induced by cyclic NaCl solution 
spraying and drying. Due to location of reinforcement and the exposure to chloride 
attack from one side, their results showed that corrosion products were non-uniformly 
distributed around the steel bar, but the distribution of corrosion products was not 
quantified, nor was its growth with time.  
Yuan and Ji (2009) proposed a theoretical half-ellipse model for the non-
uniform distribution of corrosion products. Figure 2.19 is a sample measured in Yuan 
and Ji’s (2009) study, with the only top half of the steel being corroded. 
 
 
Figure 2.19. Distribution of corrosion layer. 
 
Based on this experimental measurement, the distribution of the corrosion layer 
can be written in a half-elliptical expression: 
𝑑(𝜃) = 𝑅 −
𝑅 ∗ (𝑅 − 𝑑𝑠,𝑚𝑎𝑥)
√(𝑅 − 𝑑𝑠,𝑚𝑎𝑥)2 ∗ cos2 𝜃 + 𝑅2 ∗ sin2 𝜃
 (2.18) 
where 𝑑(𝜃) is the corrosion layer thickness and 0 ≤ 𝜃 ≤ 180°, R is the radius 
of the steel and 𝑑𝑠,𝑚𝑎𝑥 is the maximum corrosion layer thickness. Equation 2.18 was 
applied to some of the non-uniform corrosion-induced cracking models (Cao & 
Cheung 2014; Xia, Ren, Liang, Payer & Patnaik, 2011). Though the model shows an 
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excellent ability to fit the distribution of corrosion products around the steel bar, the 
growth of corrosion products with ongoing corrosion process was not considered. 
In Zhao et al. (2011), 16 samples were used to obtain data for curve-fitting 
regression for the corrosion products distribution. A Gaussian model was proposed 
from the experimental data: 
𝑑(𝜃) =
𝑎1
𝑎2√2𝜋
𝑒
−(
𝜃−𝜇′ 
√2𝑎2
)2
+ 𝑎3 (2.19) 
where 𝜇′ is the location of the maximum corrosion layer, a1 is non-uniform 
coefficient, a2 is the spread coefficient and a3 is the uniform coefficient. While more 
data were obtained in the study as opposed to Yuan and Ji (2009), all samples were 
obtained from the same concrete specimen, presuming the same or a similar steel–
concrete interface (i.e., the effect of concrete constituents on the distribution of 
corrosion products was not investigated). 
Another fundamental factor that has been overlooked in most investigations on 
the corrosion of steel in reinforced concrete is the microstructure of the steel–concrete 
interface, which directly affects the distribution of corrosion products and is 
intrinsically related to the constituents of concrete, mostly w/c ratio. Further, in most 
analytical models, only concrete properties—such as compressive strength, tensile 
strength and elastic modulus—are included, but not the fundamental ingredients of 
concrete, such as the w/c ratio and design parameters. However, it is the latter that 
affects the microstructure of the steel–concrete interface. Understandably, the 
microstructure of steel–concrete interface is difficult to incorporate in analytical 
models, but its effect on the distribution and growth of corrosion products in concrete 
can be experimentally investigated, which can feed back to analytical models. 
2.5 Corrosion-Induced Concrete Cover Cracking 
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The effects of corrosion on reinforced concrete structures include the reduction of the 
cross-section of steel bar and cracking of concrete cover. These could lead to the loss 
of strength and violation of serviceability. To accurately predict structural failure due 
to corrosion-induced cracking, many models have been developed experimentally, 
analytically and numerically. All these models are of great significance for efficient 
repair and maintenance of corrosion-affected structures. 
In this section, some analytical and empirical models for the prediction of time 
to cover cracking and crack width in reinforced concrete are presented. A large 
experimental database is collated from the literature. It is followed by a comparison 
between experimental evidence and model predictions. 
2.5.1 Cracking process 
As mentioned previously, corrosion products at the steel–concrete interface have a 
larger volume than the original steel. The expansion of corrosion products exerts 
pressure on the surrounding concrete cover. When the expansive pressure exceeds the 
capacity of the concrete cover (i.e., the tensile strength of the concrete), the cracking 
process will be induced. During the crack initiation stage (see Figure 2.17), it is 
assumed that there is a porous band between the steel bar and surrounding concrete 
(Liu & Weyers, 1998) and the expansive corrosion products must first fill this area. 
The volume of this porous band at the steel–concrete interface is affected by factors 
such as the surface area of steel bar, w/c ratio, concrete cover thickness and the degree 
of compaction, similar to the ITZ, which is the porous area that separates concrete 
from aggregates. In Figure 2.20(a), the thickness of this porous band is denoted as d0. 
Before this area is filled, no pressure is exerted on concrete, and this stage is commonly 
referred to as the ‘free expansion’ stage. Apparently, the larger this area is, the greater 
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the prolonging of the time to crack initiation (Chernin & Val, 2011; El Maaddawy & 
Soudki, 2007; Zhao et al., 2016). 
 
 
Figure 2.20. Rust propagation stage. 
 
Despite the corrosion products in the porous band, some will penetrate the 
concrete and fill the pores in bulk concrete (see Figure 2.18), as well as the micro-
cracks. Some studies have investigated the penetration of corrosion products into the 
newly formed cracks (Wong et al., 2010; Zhao et al., 2012). However, the penetration 
of corrosion products in cement paste remains controversial in the investigation of 
corrosion-induced concrete cover cracking. Wong et al. (2010) suggested that once 
cracks are initiated in the concrete cover, corrosion products are preferentially 
deposited in the large cracks rather than the porous band. Conversely, Zhao, Yu, Wu 
& Jin (2012) concluded that corrosion products do not penetrate corrosion-induced 
cracks before the cracks reach the surface. Lu et al. (2011) introduced a modified 
coefficient (k) in the analytical model to account for the amount of corrosion products 
penetrating corrosion-induced cracks. 
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After the porous band is entirely filled with corrosion rust (see Figure 2.20[b]), 
expansion pressure starts to develop on the surrounding concrete. Once it exceeds the 
tensile capacity of concrete, the cracking process will be initiated. The appearance of 
cracks on the concrete surface can be observed, as shown in Figure 2.20(c). It should 
be noted that as it is difficult to observe the inner cracks non-destructively, the time 
required for the first occurrence of surface cracks is considered in all models as the 
time to cover cracking.  
2.5.2 Models for time to concrete cover cracking 
Many researchers have proposed useful analytical and empirical models to predict the 
time to cover cracking. These models relate the time to cover cracking to variables 
such as mechanical properties of concrete (tensile strength and modulus of elasticity), 
concrete cover and environmental factors, such as corrosion rate. Bazant (1979a) 
suggested that corrosion rate, cover depth, the spacing between steel bars, the diameter 
of steel bars and mechanical properties of concrete material surrounding the steel bar 
are the most critical factors affecting the time to concrete cover cracking. In this section, 
a brief review of the mechanical concept and the available models for time to concrete 
cover cracking are presented. 
Mechanical concepts in corrosion-induced concrete cracking. The corrosion-
induced cracking problem has been modelled as a boundary value problem in most 
models (Bazant, 1979a; Bhargava et al., 2006; Chernin et al., 2010; Li et al., 2006; 
Pantazopoulou & Papoulia, 2001). The internal circular boundary at the steel–concrete 
interface experiences gradually increasing displacement to accommodate the volume 
expansion of the corroded steel bar. 
To simplify the solution to this problem, concrete with the embedded steel bar 
is usually modelled as a thick-wall cylinder as schematically shown in Figure 2.21(a), 
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where D is the diameter of the steel bar, and C is the clear cover to the steel bar. d0 is 
the thickness of the porous band. Rb is the initial radius of the steel bar, Rrb is the 
reduced radius of the corroded steel bar (the remaining radius) and Rr is the radius of 
the corrosion product. Rc defines the crack front (i.e., a boundary at which the tensile 
strain limit of concrete material has been reached). ds denotes the radial displacement 
on the concrete–rust interface and pr is the equivalent pressure resulting from this 
displacement. 
 
 
Figure 2.21. Schematic of the model for the cracking process. 
 
In the derivation of analytical solutions for the time to cover cracking, the 
following simplifications are commonly assumed:  
1. Concrete is an isotropic homogenous linear elastic material before 
cracking. 
2. The corrosion rate is known. 
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3. Corrosion products grow over the surface of steel uniformly; nonetheless, 
as it generally takes longer for chloride ions and carbon dioxide to transport 
to the steel–concrete interface facing the interior concrete, a non-uniform 
corrosion process on the perimeter of steel bar is expected (Muthulingam 
& Rao 2014; Zhang et al., 2009). 
4. A porous band in the steel–concrete surface must be entirely filled before 
the expansive pressure on the concrete cover occurs. 
5. Cracking of concrete cover is only caused by the stresses resulting from the 
expansion of corrosion products. 
6. A thick-wall cylinder is used for analysis of strain and stress (see Figure 
2.21). 
The volume increase required by the corrosion products, ΔV, can be calculated 
as (Bazant, 1979a; Liu & Weyers, 1998): 
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 (2.20) 
where Mr is the mass of generated rust and Ms is the mass of lost steel since the 
corrosion initiation. To calculate the volume increase and more specifically ds, the rust 
mass, Mr, is required. Faraday’s law, shown in Equation 2.15, with constant rust 
production rate is commonly used to calculate the mass of produced rust (Bazant, 
1979a; Chernin et al., 2010; El Maaddawy & Soudki, 2007). icorr is the corrosion 
current density in μA/cm2, Mr is the rust mass in mg/mm and D is the rebar diameter 
in mm. Conversely, according to Liu and Weyers (1998), the growth of rust layer 
thickness increases the iron ionic diffusion distance, which in turns decreases the rust 
production rate, as diffusion is inversely proportional to thickness of rust layer. This 
is shown in Equation 2.21b, where kp is the rate of rust production: 
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(2.21b) 
Equation 2.21b is later used by other researchers (Li et al., 2006; Su & Zhang, 
2015). However, Chernin et al. (2010) argued that the coefficient in front of the term 
(1/𝛼)𝜋𝐷𝑖𝑐𝑜𝑟𝑟 in Equation 2.21b given by Liu and Weyers (1998) was erroneously 
calculated. Later, Bhargava et al. (2006) used Liu and Weyers’s experimental data to 
recalibrate this expression, proposing 2.486 instead of 0.105 in Equation 2.21b. 
Once the amount of rust product, Mr, is known, using Equation 2.21, the 
thickness of the corrosion product ring, ds, can be calculated. Then, this thickness can 
be treated as an internal deformation in the boundary value problem shown in Figure 
2.21(c). As the modulus of elasticity of steel material is much larger than that of 
concrete, it is commonly assumed that all corrosion-induced deformation occurs in the 
concrete cylinder (Liu & Weyers, 1998). Nonetheless, in some studies, deformation of 
steel and that of rust layer have also been considered (Bhargava et al., 2006; Su & 
Zhang, 2015). 
The expansion pressure caused by the corrosion products (due to the 
deformation ds) exerts radial (σr) and tangential (σθ) stresses on the concrete cylinder. 
The corresponding strains are the radial (εr) and tangential (εθ) strains. For the 
boundary value problem, the governing stress equilibrium equations and strains in 
radial and tangential directions are: 
0rr
d
dr r

  
   (2.22a) 
,
r
du u
dr r

    (2.22b) 
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where r and θ are the radial and tangential coordinates, and u is the radial 
deformation of the cylinder. The problem is axisymmetric so that the only 
displacement component is the radial displacement, u, which is a function of the radial 
coordinate, r, i.e., u = u(r). The following boundary conditions (refer to Figure 2.21) 
are used for finding constants of the general solution to the governing differential 
equations in Equation 2.22: 
s r
u d at r R   (2.23a) 
0
r c
at r C    (2.23b) 
With the aid of the generalised Hook’s law, the relationship between stress and 
strain—which serves as the compatibility equation, the governing differential equation 
in terms of radial deformation—u, can be established. Once the differential equation 
is solved (i.e., the deformation u is calculated), the stress and strain in the concrete 
cylinder and the equivalent pressure on the steel–concrete interface, pr, can be related 
to the mechanical properties of rust products and time via the displacement ds. 
The boundary value problem formulated in Equations 2.22(a, b) with the 
boundary conditions in Equation 2.23(a, b) is the base for most developed analytical 
models. However, even with simplifications and assumptions (see points (i) to (iv) 
mentioned previously), derivation of the analytical solution for this problem is 
challenging. For instance, it is not clear whether the problem is plane stress or a plane 
strain problem. According to Pantazopoulou and Papoulia (2001), as RC members 
undergo loading-induced cracks before corrosion, the longitudinal stress at crack 
locations is zero. By ignoring the tension stiffening effect, the problem can be treated 
as a plane stress case. On the contrary, Chernin et al. (2010) argued that as the concrete 
cylinder around a steel bar is actually within the bulk concrete of an RC element, the 
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deformation in the direction of the cylinder axis is prevented. As such, the use of a 
plane strain formulation is more suitable. 
Another challenge is that as concrete cracks propagate in one of the principal 
directions while concrete in the other direction is uncracked, an anisotropic material 
model is needed. Further, the post-cracking behaviour of concrete material is highly 
nonlinear, leading to strain-dependent material stiffness, which in turns complicates 
the governing differential equation in such a way that only numerical techniques can 
be used to solve the problem (Pantazopoulou & Papoulia, 2001), requiring further 
assumptions to derive closed-form solutions (Bhargava et al., 2003; Chernin et al., 
2010). Consideration of long-term loading effect is another challenge. As the 
corrosion-induced displacement at the rust–concrete interface is increased at a very 
slow pace, time-dependent analysis considering effects such as creep is required. Most 
of the available models simplify this analysis by using a modified modulus of elasticity 
for concrete (Bhargava et al., 2003; Chernin et al., 2010; Liu & Weyers, 1998). 
Two primary failure criteria have been used to determine the time to cover 
cracking (see Figure 2.220. In the first criterion, which is referred to as the single-layer 
cylinder model, it is assumed that the concrete cover material is isotropic linear elastic. 
In this case, a closed-form solution for the thick-walled cylinder under uniform internal 
pressure exists (Timoshenko, 1970). The concrete cylinder is assumed to crack when 
the tensile stress across the cylinder thickness in the tangential direction reaches the 
tensile strength of concrete cover material, ft. According to this assumption, concrete 
is treated as a ductile material. This failure criterion, shown in Figure 2.22(a), has been 
widely used (Bazant, 1979a; El Maaddawy & Soudki, 2007; Liu & Weyers, 1998). 
Assuming the non-uniform distribution of tensile stress across the concrete cover, 
other researchers (Lu et al., 2011; Zhao & Jin, 2006) have modified this criterion. 
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Figure 2.22. Criteria for cracking of concrete cover. 
In the second failure criterion, referred to as the double-layer cylinder model 
(see Figure 2.22[b]), inelastic behaviour of concrete material is considered (Bhargava 
et al., 2006; Li et al., 2006; Pantazopoulou & Papoulia, 2001). In this case, the concrete 
cylinder is divided into two layers. The inner layer represents the cracked concrete 
while the outer layer represents the intact concrete. The boundary separating these 
layers is called the crack front line (see Figure 2.21[d]). According to this criterion, 
when crack front reaches the outer surface of concrete (i.e., Rc = C + D/2), surface 
cracks appear, and the time to cover cracking can be calculated. Pantazopoulou and 
Papoulia (2001) treated cracked concrete as an anisotropic material. In this case, the 
tangential stiffness of cracked concrete gradually changes with the radial coordinate. 
For nonlinear problems, usually a closed-form solution to the boundary value problem 
does not exist, and an iterative procedure is required. Pantazopoulou and Papoulia 
(2001) solved the problem numerically by a finite difference method. With more 
simplification, Bhargava et al. (2006) considered the inner cracked concrete layer as 
an isotropic elastic material with a reduced elastic modulus; they derived an analytical 
solution for time to cover cracking. Chernin et al. (2010) treated the inner layer as an 
orthotropic material. They used a power function to model the variation of the secant 
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stiffness in the tangential direction with the radial coordinate, based on which they 
derived an analytical solution for time to cover cracking. 
Analytical models. In a comprehensive review of the extant literature, nine 
analytical models for prediction of time to cover cracking in reinforced concrete 
structures, listed in Table 2.5, were identified. The assumptions made in these models 
and the failure criteria used in each model are shown in Table 2.5. Few of these models 
propose closed-form solutions. Most available models, especially those that use a 
double-layer cylinder, require an iterative numerical solution. In models that use a 
single-layer concrete cylinder for analysis, the failure criterion (i.e., the state at which 
concrete cover is cracked) is defined based on average stress across the cover. For 
those with double-layer cylinder modelling, when the crack front reaches the outer 
surface of the cylinder, the concrete section is considered cracked. In the Chernin et al. 
(2010) model, the time at which the maximum pressure, prmax in Table 2.5, at the 
interface of steel bar and concrete is attained, is used as the time to cover cracking. 
 
Table 2.5 
Summary Of Existing Time To Concrete Cover Cracking Models 
Model 
Corrosion 
growth 
Porous 
band 
Penetration 
of rust into 
cracks 
Mechanical 
properties 
of rust 
Single/double-
layer cylinder 
Crack criterion Solution 
Bazant 
(1979a) 
Linear No No No Single 
2
t
r
Cf
p
D

 
Closed-
form 
Liu and 
Weyers 
(1998) 
Nonlinear Yes No No Single 
0
2
2
t
r
Cf
p
D d


 
Closed-
form 
Pantazopoulou 
and Papoulia 
(2001) 
Nonlinear 
& 
Linear 
No Yes No Double t cf at r R    Numerical 
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Bhargava et 
al. 
(2006) 
Nonlinear Yes No No Double t cf at r R    Numerical 
El Maaddawy 
and Soudki 
(2007) 
Linear Yes No No Single 
2
t
r
Cf
p
D

 
Closed-
form 
Chernin et al. 
(2010) 
Linear Yes Yes No Double maxrp  Numerical 
Lu et al. 
(2011) 
Linear Yes Yes Yes Single (0.3 0.6 )r t
C
p f
D
 
 
Closed-
form 
Su and Zhang 
(2015) 
Nonlinear Yes Yes Yes Double 
t
c
ef
f
at r R
E

  
 
Numerical 
Zhao et al. 
(2016) 
N/A Yes No No Double 
t
c
ef
f
at r R
E

  
 
Numerical 
 
As can be observed in Table 2.5, various assumptions have been used in the 
development of predictive models for time to cover cracking. However, all these 
predictive models reported reasonable agreements with experimental results in the 
literature. Therefore, it remains unclear whether all assumptions used in these models 
are representative of corrosion-induced concrete cover cracking. To further evaluate 
the predictive models for time to cover cracking, four analytical models in Table 2.5 
were selected for further review: (1) Liu et al. (1998), (2) Pantazapoulou and Papoulia 
(2001), (3) El Maaddawy and Soudki (2007), and (4) Lu et al. (2011). 
Liu et al.’s model (1998) is an extension of an early model proposed by Bazant 
(1979a). This model is the simplest model capable of considering nonlinear growth of 
rust products and the thickness of the porous band around the steel bar. According to 
this model, the time to concrete cover cracking is calculated as: 
    
2
1
2 0.105
r
cr
corr
M
t
D i


 
  
   
(2.24a) 
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(2.24c) 
where tcr is the time to cover cracking, a = (D + 2d0)/2, b = C + (D + 2d0)/2 and 
Eef = Ec/(1 + λ) is the effective modulus of elasticity of concrete. λ is the creep 
coefficient, which can be taken as 2.0 for long-term loading. All other variables are 
previously defined. In Equations 2.24(a–c), all dimensions are in mm, material 
densities are in mg/mm3, corrosion current density is in (μA/cm2) and time is measured 
in years. For the definition of the geometric parameters, refer to Figures 2.21(a–d). 
Pantazapoulou and Papoulia (2001) proposed a numerical model. This model 
is based on the consideration of a double-layer thick cylinder. In Equations 2.25(a, b), 
the governing differential equation and boundary conditions are shown: 
2
2 2
1
0
r
Ed u du u
dr r dr r E
  
 
(2.25a) 
   , 0s ru d at r a at r b     (2.25b) 
where u is the radial displacement of the concrete cylinder as a function of 
radial coordinate, Eθ and Er are the tangential and radial secant moduli, respectively. 
These moduli were defined as the secant slopes of the stress-strain material curves. For 
compression, the Hognestad-type parabola is used, while for tension, a model 
suggested by CEB-FIP model code (1990) is employed. Pantazapoulou and Papoulia 
(2001) used both the constant and nonlinear corrosion growth models to calculate the 
thickness of the rust ring. They concluded that the nonlinear model provides closer 
results to those obtained from tests. Thus, this corrosion growth model is used with 
this analytical model in this section. It is worth noting that Pantazapoulou and Papoulia 
(2001) did not directly consider the size of the porous band in their model. Nonetheless, 
it can be easily incorporated in their model. Once the critical value for ds is calculated, 
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Equations 2.25(a, b) can be used to calculate the time to cover cracking, tcr. In this 
section, following Pantazapoulou and Papoulia (2001), it is assumed that the 
compressive strain at peak compressive stress is 0.002. The ultimate tensile strain, εu, 
and the strain corresponding to 0.15ft stress, ε1, in the softening branch of tensile 
behaviour are 0.002 and 0.0003, respectively. 
El Maaddawy and Soudki’s model (2007) is shown as: 
00
0
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(2.26a) 
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where tcr is calculated in days, bar diameter and other dimensions are in mm, 
corrosion current density is in μA/cm2, and tensile of stress and modulus of elasticity 
are in N/mm2 unit. This model is similar to Liu and Weyers’s model, with the 
difference that it uses a linear rust product growth following Faraday’s law. According 
to El Maaddawy and Soudki (2007), the assumption of nonlinear growth of rust 
product leads to the underestimation of the mass of lost steel. 
Finally, Lu et al.’s model (2011) is one of the analytical models with a closed-
form solution that directly considers the effect of mechanical properties of rust. This 
model also accounts for the amount of corrosion products that ingress inside cracks. 
In this model, Faraday’s law is used to evaluate the steel mass loss. According to this 
model, the expression for the time to cover cracking is: 
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(2.27b) 
where tcr is calculated in hours and ml is the relative mass loss of steel, ml = 
αMr / [ρs×(πD2/4)], and αv is the ratio of the volume of corrosion products to that of 
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consumed iron. Erust and vrust are the modulus of elasticity and Poisson’s ratio of rust 
products. The coefficient k accounts for ingress of corrosion products inside cracks. It 
was suggested that for short and long term, this coefficient be taken as 0.20 and 0.80, 
respectively. All other variables are previously defined. It is worth noting that by 
neglecting deformation of rust ring, Lu et al. (2011) simplified the final proposed 
equation for predicting the time to concrete cover cracking. 
Sensitivity analysis. These four predictive models share the same input 
parameters. However, the input values of these parameters for model verifications in 
these studies are different, which results in the discrepancy in their predictive results. 
Accurate measurement of these important parameters is key in predicting the time to 
concrete cover cracking. Further, the most influential factors among the time to cover 
cracking remain unclear. The predictive models can be improved with accurate 
measurement on the most influential factors. As such, sensitivity analysis is used to 
identify the most influential factors in the corrosion-induced cracking process based 
on these four models. 
Various methods have been reported and applied for sensitivity analysis, 
including: (i) nominal range sensitivity analysis (Cullen & Frey, 1999); (ii) differential 
analysis (Krieger, Durston & Albright, 1978); (iii) sensitivity index (Hoffman & 
Gardner, 1983) and (iv) response surface methods (Downing, Gardner & Hoffman, 
1985). These methods are of different complexity, data requirements and 
representation of sensitivity. In this section, three different sensitivity analysis 
methods are employed to investigate the influence of each parameter in the selected 
models on time to cover cracking: (1) nominal range sensitivity analysis (NRSA), (2) 
differential analysis (DA) and (3) sensitivity index (SI). These three methods are easy 
to apply and require limited data of the input parameters. They provide available 
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relevant information about the influence of each parameter on the model output. To 
implement the sensitivity analysis methods, a practical range for each of the variables 
involved in the calculation of time to cover cracking is required. The ranges of input 
parameters used in this study are listed in Table 2.6. The geometric dimensions, C and 
D, are the concrete cover thickness and the diameter of the steel bar; ft and Eef are the 
tensile strength and effective Young’s modulus of concrete. icorr is the corrosion rate. 
It is worth noting that Lu et al.’s (2011) model has considered the penetration of 
corrosion products in the model. As the state of the effect of penetration of corrosion 
products in corrosion-induced cracks is not clear, the factor accounting for the 
penetration of corrosion products in cracks is not considered in the sensitivity analysis.  
 
Table 2.6 
Input Parameters For Sensitivity Analysis 
No. Parameter, Xn Unit Base-case value, xn 
Input Range 
Min. Max. 
1 C mm 50 25 75 
2 D mm 16 10 25 
3 d0 mm 0.015 0.010 0.050 
4 ft MPa 3.0 2.0 6.0 
5 Eef GPa 30 25 40 
6 αv - 3.0 2.5 4.5 
7 α - 0.572 0.50 0.70 
8 icorr µA/cm
2 0.25 0.10 0.50 
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The NRSA method, which is also called local sensitivity, evaluates the effects 
of each input parameter (X = X1, X2, …, Xn) on model outputs (Y) by varying parameters 
individually in a reasonable range, while all other parameters remain the same as their 
base-case values (X1 = x1, X2 = x2, …, Xn = xn). The sensitivity can be represented as a 
positive or negative change rate at their base-case values, which can be expressed in 
Equation 2.28. It shows the sensitivity relative to the chosen base-case value and not 
for the entire parameter distribution. The selected base-case values of each parameter 
in the selected models are shown in Table 2.6: 
( ) |
n nn X x
n
dY
NRSA X
dX


 
(2.28) 
DA is performed by the partial derivative of each input parameter with respect 
to output. The partial derivative function is obtained from the function of the best-
fitting regression curve. The regression line is obtained from the newly generated 
output and varying input parameter (Xn). The regression fitting curve (Y) can be 
exponential, linear, polynomial, in which the regression coefficient R2 equals or 
approaches one. While varying the input in the specified range (Xn = Xn,1, Xn,2, …, Xn,j), 
the average absolute value of the gradient of the partial derivative function in the 
specified range can be calculated as: 
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(2.29) 
SA is to calculate the output change in percentage when varying one input 
parameter from its minimum value to its maximum value. The SI can be calculated as: 
max min
max min
avg
avg
XY Y
SI
X X Y



 
(2.30) 
where Xmin and Xmax are the minimum and maximum values of the input 
parameter and Ymin and Ymax are the corresponding minimum and maximum value of 
output. Xavg and Yavg are the average value of the input and output parameters. 
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The results of sensitivity analysis based on the three methods mentioned above 
are displayed in Table 2.7. Using relationships between the input and output variables, 
the output range based on which the sensitivity factors are calculated, can be identified. 
The results reveal that the size of the porous band (d0), corrosion current density (icorr) 
and the volumetric expansion rate (αv) are generally the most influential factors 
affecting the time to cover cracking. 
 
Table 2.7 
Ranking the Influential Variables Using Different Sensitivity Analyses 
  1   2   3   4  
Rank NRSA DA SI NRSA DA SI NRSA DA SI NRSA DA SI 
1 d0 d0 αv d0 d0 αv icorr icorr αv icorr icorr αv 
2 icorr icorr icorr icorr icorr icorr αv d0 icorr d0 d0 icorr 
3 αv αv C α αv C d0 αv ft αv αv C 
4 α α ft αv α ft Eef Eef d0 Eef Eef d0 
5 Eef ft Eef ft ft Eef ft ft C D D D 
6 ft Eef d0 Eef Eef d0 C C Eef C C ft 
7 D D D D D α D D D ft ft Eef 
8 C C α C C D - - - - - - 
1 Liu and Weyers (1998); 2 Pantazapoulou and Papoulia (2001) 
3 El Maaddawy and Soudki (2007); 4 Lu et al. (2011) 
 
The geometric dimensions, C and D, are of least importance compared to other 
variables. Nonetheless, the SI method identifies the concrete cover, C, as one of the 
first three important factors. The general conclusion from the performed sensitivity 
analysis is that the factors related to the corrosion process (i.e., corrosion current 
density and volumetric expansion rate of rust products and size of the porous band) 
are more important than mechanical properties of concrete (i.e., tensile strength and 
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modulus of elasticity). Moreover, the dimensional factors do not have an appreciable 
effect on the time to cover cracking. 
Following the sensitivity analysis, the size of the porous band and the 
expansion properties of corrosion products are of paramount importance in predicting 
the time to cover cracking. However, experimentally measuring these variables is 
extremely difficult. As limited information has been reported on these two properties, 
further research is required to investigate these two parameters under various 
conditions quantitatively. 
Empirical models. For the prediction of time to cover cracking, pure empirical 
models based on the available test results can also be found in the literature. Some of 
the available empirical models for prediction of time to cover cracking are listed in 
Table 2.8. 
 
Table 2.8 
Empirical Models For Time To Cover Cracking 
Reference Model 
Morinaga (1988) 
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Alonso et al. (1998) 
7.53 9.32
0.0116
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C
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Vu et al. (2005)  /
B
cr
t A C wc
 
 
In Vu et al.’s (2005) model, wc is the w/c ratio, and A and B are empirical 
coefficients that depend on the size of the visible corrosion-induced crack. 
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2.5.3 Experimental database for time to cover cracking 
Most of the analytical models were developed using basic mechanics of reinforced 
concrete and fracture mechanics. Regression analyses were used to verify these 
analytical models using experimental test results obtained from corrosion tests. 
Therefore, the accuracy of these analytical models depends significantly on the size 
and reliability of the test database as well as the parametric range of the test data used 
in model development. Further, in most of these studies, researchers used their own 
test results or small databases from the literature to calibrate and verify the analytical 
models. From a statistical perspective, these limited samples generally do not correctly 
represent the behaviour of the targeted population. A proper model should cover a 
wide range of influential variables. 
Collation of experimental database. To verify the validity and accuracy of the 
time to cover cracking models, an experimental database was established from the 
available literature. The inputs in relation to corrosion and concrete properties as well 
as the recorded time to cover cracking from the literature are listed in Table 2.9. The 
value of time to cover cracking recorded in all these experiments is defined as the time 
from the outset of the corrosion test to the first appearance of a visible crack, of which 
width is generally below 0.05 mm. Therefore, the definition of time to cover cracking 
from all the experiments is consistent. 
All experimental data except the data from Liu and Weyers’s study (1998) were 
obtained using the impressed current-induced accelerated corrosion test, which is also 
called the DC approach. Though the DC approach was not used in Liu and Weyers’s 
study, the 3LP and Gecor device were used to measure the mean corrosion rate in the 
unit of µA/cm2, which is consistent with other experiments. Despite the impressed 
current, the sodium chloride and calcium chloride were used in all these tests to induce 
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the corrosion of steel. Comparing with impressed current, the influence of chloride 
contents on corrosion rate is neglected. 
In cases in which the required information such as the modulus of elasticity 
and tensile strength of concrete were not reported, models from the CEB-FIP model 
code were used to evaluate these unknown values. Also, the corrosion rate, icorr, in the 
study of Rasheeduzzafar, Al-Saadoun and Al-Gahtani (1992) is converted from current 
intensity Icorr in mA into µA/cm
2. 
 
Table 2.9 
Experimental Data From Literature 
Reference 
C 
(mm) 
D 
(mm) 
ft 
(MPa) 
Ec 
(GPa) 
icorr 
(µA/cm2) 
tcr 
(hour) 
Short-term experiments       
Rasheeduzzafar et al. 
(1992) 
19.0 12.7 3.90b 37.76a 245.9c 159.0 
19.0 12.7 3.90b 37.76a 368.8c 109.0 
19.0 12.7 3.90b 37.76a 491.7c 56.0 
19.0 12.7 3.24b 34.44a 245.9c 123.0 
19.0 12.7 3.24b 34.44a 368.8c 75.0 
19.0 12.7 3.24b 34.44a 491.7c 43.0 
19.0 12.7 2.39b 29.61a 245.9c 60.0 
19.0 12.7 2.39b 29.61a 368.8c 31.5 
19.0 12.7 2.39b 29.61a 491.7c 23.0 
31.8 19.0 3.18b 34.11a 3000.0c 13.7 
31.8 25.4 3.18b 34.11a 3000.0c 6.80 
29.1 38.1 3.18b 34.11a 3000.0c 5.34 
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Andrade et al. (1993) 
30.0 16.0 3.55 32.59a 100.0 120.0 
20.0 16.0 3.55 32.59a 100.0 96.0 
Alonso et al. (1998) 
20.0 16.0 3.85 22.00 100.0 113.0 
30.0 16.0 3.85 22.00 100.0 129.0 
50.0 16.0 3.85 22.00 100.0 208.0 
70.0 16.0 3.85 22.00 100.0 264.0 
Mangat and Elgarf, 
(1999) 
20.0 10.0 6.30b 30.20 800.0 14.4 
Vu et al. (2005) 
25.0 16.0 4.55 39.32a 100.0 223.1 
50.0 16.0 4.55 39.32a 100.0 490.7 
25.0 16.0 3.06 28.47a 100.0 134.0 
50.0 16.0 3.06 28.47a 100.0 194.7 
25.0 16.0 4.16 36.74a 100.0 116.0 
50.0 16.0 4.16 36.74a 100.0 155.7 
25.0 16.0 3.94 36.52a 100.0 136.1 
50.0 16.0 3.94 36.52a 100.0 402.8 
El Maaddawy and 
Soudki (2003) 
33.0 16.0 3.69b 36.74a 150.0 95.0 
Lu et al. (2011) 
29.5 16.0 3.70 24.40  100.0 147.5 
29.5 16.0 3.70 24.40 150.0 87.5 
19.5 16.0 3.70 24.40 100.0 112.0 
Long-term experiments       
Andrade et al. (1993) 20.0 16.0 3.55 32.59a 10.0 552.0 
Alonso et al. (1998) 70.0 12.7 3.85 22.00 10.0 2643.0 
Liu (1996) 48.0 16.0 3.30 27.00 2.41 16118.4 
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70.0 16.0 3.30 27.00 1.79 31010.4 
27.0 16.0 3.30 27.00 3.75 6307.2 
52.0 12.7 3.30 27.00 1.80  20848.8 
a: Obtained from  
2/3
'10.5
c c
E f   
b: Obtained from  
1/3
'0.30
t c
f f   
c: Obtained from  410corr corrI Di
   
Model verification. Table 2.9 can be used to verify the accuracy of the four 
selected analytical models reviewed in the previous section. However, some 
information on the input parameters in these models, which are not listed in Table 2.9, 
is also needed (e.g., Poisson’s ratio, creep coefficient of concrete, the thickness of the 
porous band and the expansion rate of corrosion products). Due to the lack of 
information about Poisson’s ratios of all the concrete specimens in the gathered 
literature, they are all assumed to be 0.20 for simplicity. The creep coefficient (λ) is a 
concrete property dependent on the constituents of concrete, environmental conditions, 
age of concrete and so on. According to the ACI 318 design code (2014), it varies from 
0 to 2.0. To consider the creep effects, in this section, the corrosion tests from the 
literature are divided into two groups based on corrosion rate. For tests in which 
corrosion rates are less than 10 µA/cm2, the corrosion test is regarded as a long-term 
test, so that creep coefficient is assumed to be 2.0. For tests in which corrosion rates 
are higher than 100 µA/cm2, the corrosion tests are regarded as short-term tests. In 
those short-term tests, the age of concrete is relatively short so that the creep effect is 
not significant. Therefore, it is assumed to be 0 in these tests. In all experimental tests, 
the current impressed to induce the corrosion is assumed to be entirely consumed by 
the corrosion process. 
Among the parameters used in analytical models, two critical parameters are 
missing from the collated experimental database: the thickness of the porous band and 
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expansion rate of corrosion products. As little is known about the porous band around 
the steel bar in reinforced concrete, it is often assumed that the porous band is similar 
to ITZ. Conversely, properties of corrosion products depend on the real compositions 
of rust (see Table 2.1) and the local environment. In the derivation of analytical models 
for the models considered in this study, different assumptions (shown in Table 2.10) 
have been made regarding these parameters. In the absence of adequate information 
on these parameters, in this study, the values of these parameters are assumed. In Table 
2.10, these assumptions are shown. For consistency in comparing the results of 
considered analytical models, the same values are used for all models. 
 
Table 2.10 
Assumptions Made For The Size Of Porous Band And Properties of Corrosion 
Products 
Model d0 (μm) Corrosion products properties 
Liu and Weyers (1998) 12.5 
α = 0.523, 0.622 and ααv = 
2.18 
Pantazopoulou and Papoulia, 
(2001) 
Not reported α = 0.622 and ααv = 2.18 
El Maaddawy and Soudki (2007) 10, 20 ααv = 2.00 
Lu et al. (2011) 15 αv = 2.7 
Considered in this study 15 α = 0.572 and ααv = 2.00 
 
By using the collated experimental database, the accuracy of the considered 
analytical models presented in previous sections is investigated. For consistency, 
assumptions regarding the size of the porous band and the properties of rust product 
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are the same as in Table 2.10 for all considered models. For accelerated tests, the creep 
coefficient, λ, is taken as zero, while for long-term tests, this coefficient is assumed to 
be 2.0. It is worth noting that, in the comparison of results with the experimental data 
obtained from accelerated tests, El Maaddawy and Soudki (2007) assumed that the 
creep coefficient, λ, equals 2.35 (according to the Canadian code). For accelerated tests, 
this assumption is incorrect and can lead to significant underestimation of the modulus 
of effective elasticity of concrete. This also has been noted by other researchers 
(Chernin et al., 2010). 
Figure 2.23(a–b) show the comparisons between the results of the predictive 
models and collated experimental data for short- and long-term tests (data from Table 
2.9), respectively. Figure 2.23(a) shows that for short-term corrosion tests, in general, 
all considered models underestimate time to cracking, while there is more agreement 
between the experimental and model results for long-term cases (see Figure 2.23[b]). 
Nonetheless, the size of experimental data for long-term tests is limited and more data 
are required to test the reliability of these models. Liu and Weyers’s (1998) and 
Pantazapoulou and Papoulia’s (2001) models show better performance compared to 
other models. This is partly due to the employment of the nonlinear model for 
corrosion growth. 
 
 
Figure 2.23. Experimental versus predictive model results. 
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In the present, the performance of the predictive models, established in terms 
of accuracy and consistency, were quantified using the model error, δ, which is defined 
as: 
Experimental result
Model result
 
 
(2.31) 
Statistics of the model error (i.e., mean and coefficient of variation) can be used 
as indicators of the reliability of predictive models. Mean value close to 1.0 and a small 
coefficient of variation (COV) indicate that models can accurately predict the response 
(here, the time to concrete cover cracking). Frequency distribution of the model error 
for the different analytical models is shown in Figure 2.24(a–d). 
The results indicate that the variability of the model error for all models is very 
high. Comparing the variability of these models to predictive models in other areas of 
reinforced concrete shows that the performance of these models is poor. For instance, 
the COV in predicting the ultimate flexural and shear strength is about 0.15 and 0.25, 
respectively, according to the Joint Committee on Structural Safety (JCSS) (2012). 
However, the coefficients of variation of the four selected models in predicting time 
to cover cracking vary from 0.54 to 0.73. 
A mean value above 1.0 for the model error shows that these models 
underestimate the time to cover cracking. The model proposed by Pantazapoulou and 
Papoulia (2001) and Liu and Weyers’s (1998) model, which is one of the basic models, 
results in relatively low mean value. It is worth noting that the only difference between 
Liu and Weyers’s and El Maaddawy and Soudki’s models is that the former uses 
nonlinear growth of corrosion products, while the latter uses linear growth of corrosion 
products based on Faraday’s law. As Figure 2.24(a–c) indicates, nonlinear growth 
assumption made in Liu and Weyers study gives a better result for prediction of time 
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to cover cracking. This result contradicts the conclusion drawn by El Maaddawy and 
Soudki (2007). As previously discussed, the reason lies in the value of the creep 
coefficient used by El Maaddawy and Soudki (2007). 
 
 
Figure 2.24. Statistic results of model error. 
 
It seems that the problem in predicting time to cover cracking is not related to 
the inadequacy of the applied theory or simplifications made for deriving the analytical 
models. The disagreement between experimental and analytical results is more due to 
difficulties in experimentally measuring the size of the porous band, proportion and 
properties of corrosion products and amount of corrosion products penetrating the 
concrete cracks induced by corrosion. The sensitivity analysis in the previous section 
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also identifies the porous band and the properties of corrosion products as the most 
important factors affecting the time to cover cracking. Accurate measurement of these 
crucial parameters is key to predicting the time to concrete cover cracking. 
2.6 Artificial Intelligence in Concrete Crack Detection 
The deterioration of corrosion-affected structures (e.g., bridges, dams, etc.) leave them 
susceptible to losing their structural and social functions. Onsite inspections are 
required to maintain and assess structures regularly. Traditional manual inspection of 
the concrete surface cracking is labour-intensive and time-consuming, and the results 
and accuracy vary from inspector to inspector. Moreover, for some structures, 
accessibility for human inspection is restricted. Automatic detection and measurement 
of concrete surface cracks is an effective way to maintain and assess civil 
infrastructures. With the aid of high-resolution cameras and drones (Seo, Duque & 
Wacker, 2018), robot-imaging makes it possible to inspect and acquire defects in those 
limited accessible areas in structures. However, it remains challenging to detect the 
concrete cracks in images due to their inhomogeneity and complex background. 
Artificial intelligence has been advancing significantly, helping bridge the gap 
between the capabilities of humans and machines. With the rapid advancement in 
computer vision technology and machine learning in artificial intelligence, supervised 
machine learning can process images and detect cracks in these images efficiently and 
accurately. 
2.6.1 Machine learning in concrete crack detection 
There are two types of machine learning algorithms in general (Kotsiantis, Zaharakis 
& Pintelas, 2007; Pedregosa et al., 2011): unsupervised machine learning and 
supervised machine learning. Unsupervised machine learning can be applied to 
cocktail party problems in which the features of the data are not known. Unsupervised 
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machine learning is often used in data analysis and to solve clustering problems. For 
problems such as linear regression and logistic regression, supervised machine 
learning is used. For example, housing prices prediction is a linear regression problem, 
and email spam is a logistic regression problem, as the input features and out prediction 
features in these problems are known. The study of crack detection in images is a 
typical supervised machine learning problem. 
In previous studies of concrete crack detection, a supervised machine learning 
algorithm is employed, as the features of the input, the characteristics of concrete 
cracks are given (Choudhary & Dey, 2012; Lee et al., 2013; Moon & Kim, 2011). In 
these studies, the crack detection problem is a logistic regression, specifically, binary 
classification problem, in which the outputs are only yes or no. The images are the 
input of the machine learning algorithm. A neural network classifier is trained to 
classify the input images into the cracked and non-cracked concrete images. The 
procedures of machine learning for concrete crack detection in these studies are 
summarised in Figure 2.25. 
 
 
Figure 2.25. Procedures of supervised machine learning in crack detection. 
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Before crack detection, the images are pre-processed to improve the accuracy 
of the neural network classifier. In the first step, the coloured images are converted 
into binarised images. The pixels in binarised images have two output values—0 and 
255—representing black and white respectively. For the convivence of calculation, the 
crack pixels in the binarised images with an output of 0 are assigned with new value 
1, and pixels with original output 255 are assigned with new value 0. Therefore, the 
binarised image is converted into a matrix consisting of 0 and 1 elements, where 1 
represents crack and noise pixels and 0 represents the background. 
Edge detection and morphological operations are usually applied to extract the 
cracks in images (Abdel-Qader, Abudayyeh & Kelly, 2003; Fujita & Hamamoto, 
2011). Four edge detection methods have been widely used to find concrete cracks: 
Fourier transform, Haar transform, Sobel edge detector and Canny edge detector 
(Abdel-Qader et al., 2003). Some methods were later proposed to modify the edge 
detection problem with excellent performance (Alaknada, Anand & Kumar, 2009; 
Nishikawa, Yoshida, Sugiyama & Fujino, 2012; Yamaguchi, Nakamura, Saegusa & 
Hashimoto, 2008). However, image-based crack detection is substantially affected by 
noises caused by poor lighting and distortion. Noise reduction is vital in enhancing the 
detectability. Machine learning is one of the most powerful tools to cope with the 
complexity of crack detection. 
After the image process and data preparation, the concrete images with or 
without cracks are converted into matrixes consisting of 0 and 1. These input data are 
classified into three subsets for neural network training, verification and testing to 
estimate the performance of the neural network (Ripley, 2007). A training set is used 
for training neural network classifiers to fit the parameters of the neural network 
classifier for crack detection. A validation set tunes the parameters in the classifier. A 
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test set assesses the performance of the trained neural network classifier for crack 
detection. 
2.6.2 Basic structure and algorithms in neural network 
As discussed, crack detection is a binary classification problem in which the output 
can take on only two values, 0 and 1, representing no and yes. For example, a feature 
x of a crack may satisfy a certain condition, and the output y may be 1, and 0 otherwise; 
therefore, y ∈ {0,1}. To make the output satisfy this condition, the sigmoid function is 
used: 
y(𝜃𝑇𝑥) =  
1
1 + 𝑒−𝜗
𝑇𝑥
 (2.32) 
where y is the output, and x is the input of the image and 𝜃𝑇 is the parameters 
that fit the neural network hypothesis ℎ(𝜃𝑇𝑥). The sigmoid function guarantees the 
output of the hypothesis ℎ(𝜃𝑇𝑥) is between (0, 1). The form of the hypothesis ℎ(𝜃𝑇𝑥) 
varies—for example,  ℎ(𝜃𝑇𝑥) =  𝜃0𝑥0 + 𝜃1𝑥1  or ℎ(𝜃
𝑇𝑥) =  𝜃0𝑥0 + 𝜃1𝑥1 + 𝜃2𝑥2  or 
other forms of polynomial equations. The forms of the hypothesis ℎ(𝜃𝑇𝑥) depend on 
the number of the input features xn. 
Since the output is between 0 and 1, by employing the sigmoid function in 
Equation 2.32, boundary conditions are needed to interpret the output into a binary 
vector with elements of 0 and 1, which classifies the cracks. Boundary conditions are 
expressed as: 
𝜃𝑇𝑥 ≥ 0 →  𝑦 = 1 
𝜃𝑇𝑥 < 0 →  𝑦 = 0 
(2.33) 
Model representation. For simplicity, A two-layered feed-forward neural 
network (Fine, 2006) is used to illustrate the structure of the neural network. The two-
layered neural network is depicted in Figure 2.26. 
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Figure 2.26. The structure of the two-layered neural network. 
 
The two-layered feed-forward neural network has three layers: the input layer, 
hidden layer and output layer. The input xn in this neural network is the pixel values 
of the filtered and converted images; n is the number of the pixels in the image. The 
hidden layer contains l hidden units, also called activation units. The output layer only 
has two outputs, in this case, yo and y1. The neural network also has two sets of the 
network fitting parameters to be trained, 𝜣(1) and 𝜣(2), which are also called weights. 
The relationship between the hidden unit sl and the input xn and the weight 
parameters 𝜣(1) can be expressed as: 
{
 
 
 
 s1 = 𝑔(Θ10
(1)𝑥0 + Θ11
(1)𝑥1 +⋯+Θ1𝑛
(1)𝑥𝑛)
s2 = 𝑔(Θ20
(1)𝑥0 + Θ21
(1)𝑥1 +⋯+Θ2𝑛
(1)𝑥𝑛)
⋮
⋮
s𝑙 = 𝑔(Θ𝑙0
(1)𝑥0 + Θ𝑙1
(1)𝑥1 +⋯+ Θ𝑙𝑛
(1)𝑥𝑛)
 (2.34) 
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where function g is the sigmoid function in Equation 2.32. Therefore, the 
output can be expressed as: 
𝑦0 = 𝑔(Θ10
(2)𝑠0 + Θ11
(2)𝑠1 +⋯+ Θ1𝑙
(2)𝑠𝑙) 
𝑦1 = 𝑔(Θ20
(2)𝑠0 + Θ21
(2)𝑠1 +⋯+ Θ2𝑙
(2)𝑠𝑙) 
(2.35) 
Before Equation 2.35 computes the results of 𝑦0  and 𝑦1 , the boundary 
condition in Equation 2.32 should also be satisfied. Thus, in Equation 2.35, the results 
𝑦0 and 𝑦1 contain two values, 0 and 1. 
Cost function and gradient descent. To measure the accuracy of the 
hypothesis function ℎ(𝜃𝑇𝑥), a cost function J(θ) is used: 
𝐽(𝜃) = −
1
𝑚
∑[𝑦(𝑖)log (ℎ𝜃(𝑥
(𝑖))) + (1 − 𝑦(𝑖)) log (1 − ℎ𝜃(𝑥
(𝑖)))]
𝑚
𝑖=1
+
𝜆′
2𝑚
∑𝛩𝑗
2
𝑛
𝑗=1
 (2.36) 
where m is the number of datasets, and λ’ is the regularisation coefficient. The 
regularisation coefficient is applied to reduce the overfitting the hypothesis function 
ℎ(𝜃𝑇𝑥). It determines how much the costs of 𝜣(1) and 𝜣(2) are inflated. As previously 
mentioned, the form of hypothesis function ℎ(𝜃𝑇𝑥) varies. Thus, the fitting of the 
hypothesis to the training data varies consequently. If the hypothesis is overfitting the 
training data, the prediction performance of the hypothesis decreases. To avoid the 
overfitting problem, or high variance problem, the regularisation coefficient is 
introduced in the cost function J(θ). 
To ensure good performance of the neural network, the J(θ) should be 
minimised. As x and y are the known input and output, it is necessary to estimate 𝜣(1) 
and 𝜣(2) which minimise the J(θ). By taking the derivative of the cost function 
regarding θ (
𝜕
𝜕𝜃𝑗
𝐽(𝜃)) and iterating each step in the direction of the derivative until the 
convergence, the minimum value of the cost function can be obtained. Each step of 
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the iteration is determined by the parameter α,—which is called the learning rate. The 
gradient descent in logistic regression can be expressed as: 
𝜃0: = 𝜃0 − α
1
𝑚
∑(ℎ𝜃(𝑥
(𝑖)) − 𝑦(𝑖))𝑥0
𝑚
𝑖=1
 
𝜃𝑗 := 𝜃𝑗 − α[
1
𝑚
∑(ℎ𝜃(𝑥
(𝑖)) − 𝑦(𝑖))𝑥𝑗
𝑚
𝑖=1
+
𝜆
𝑚
𝜃𝑗] 
(2.37) 
where: = means simultaneous updating all 𝜃𝑗 in each iteration. 
Back-propagation (BP) algorithm. The BP algorithm, which is based on the 
gradient descent approach, was first proposed by Werbos (1974). The feed-forward 
neural network is a part of the BP algorithm when training a neural network 
(Rumelhart, Hinton & Williams, 1988). In the feed-forward neural network, 
information travels in only one direction (e.g., from the input layer to the output layer, 
as shown in Figure 2.26). Once the weights (𝜣(1) and 𝜣(2) in this case) are decided 
based on the iterations of cost function and gradient descent, their values remain 
unchanged. Therefore, the results produced during the feed-forward process may not 
be accurate, as no communication is given from the output layer. By applying the BP 
algorithm, the errors produced during the process are given back to the previous layers 
so the weights can be readjusted. Therefore, the accuracy of the neural network is 
improved by readjusting the weights. 
To implement the BP algorithm, the first step is to perform the feed-forward 
neural network for the input and output and calculate the output error. The second step 
is to adjust the weights of each weight matrix and repeat the first step. The gradient 
checking process is also used to assure that BP works as intended. The following 
equation is used to check the gradient: 
𝜕
𝜕𝜃𝑗
𝐽(𝜃)  ≈
𝐽(𝜃 + 𝜀) − 𝐽(𝜃 − 𝜀)
2𝜀
 (2.38) 
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Where the 𝜀 is a small value, such as 𝜀 = 10−4. If the derivative of the cost 
function approximates 
𝐽(𝜃+𝜀)−𝐽(𝜃−𝜀)
2𝜀
, it guarantees that the BP algorithm is correct. 
Then, the gradient checking process can be stopped because it has a significant 
computational cost. The algorithm ends if all output of the hypothesis function matches 
actual output. 
It should also be noted that the 𝜣(1) and 𝜣(2) have to be randomly initialised 
between -𝜀   and 𝜀. If they are initialised to zeros, when back-propagating, all units in 
the hidden layer will update to the same value repeatedly. Therefore, a random 
initialisation has to be applied. 
Training procedure. First, a neural network architecture needs to be selected. 
In this study, the two-layered feed-forward neural networked was chosen for crack 
detection. One hidden layer of 10 units (𝑙 = 10) was used. The procedure of this two-
layered BP algorithm neural network can be summarised as follows: 
1. Randomly initialise the weights (𝜣). 
2. Implement the forward propagation to get hypothesis function ℎ(𝜃𝑇𝑥) for 
xn. 
3. Implement the cost function J(θ). 
4. Implement BP to compute the partial derivatives
𝜕
𝜕𝜃𝑗
𝐽(𝜃). 
5. Check the gradient to confirm that the BP works. When Equation 5.13 is 
satisfied, disable the gradient checking. 
6. Use gradient descent to minimise the cost function with weights. 
2.6.3 Convolutional neural network 
Deep learning, which is a subfield of machine learning, has dominated speech 
recognition and pattern recognition areas (LeCun, Bengio & Hinton, 2015). In 
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particular, the convolutional neural networks have brought breakthroughs to these 
areas (Szegedy et al., 2015). Unlike the binarisation neural network classifier presented 
in Section 2.6.1 for crack detection, the convolutional neural networks are more 
powerful for image feature detection, and coloured images can be directly used for 
convolutional neural network training. Further, the features in the images can not only 
be classified, they can also be boxed out by convolutional neural networks. 
A convolutional neural network has a similar structure as the neural network 
shown in Figure 2.26, which contains multiple hidden layers such as convolutional 
layers, activation function (rectified linear units, ReLU), pooling layers, fully 
connected layers and normalisation layers (Krizhevsky, Sutskever & Hinton, 2012). 
 
 
Figure 2.27. Convolutional neural network. 
Source: Saha (2018). 
 
In the feature learning layers shown in Figure 2.27, convolution places the 
input images through a set of convolutional filters, each of which activates certain 
features from the images. Pooling simplifies the output by performing nonlinear 
downsampling, reducing the number of parameters that the network needs to learn. 
Activation function, also called rectified linear units (ReLU), allows for faster and 
more effective training by mapping negative values to zero and maintaining positive 
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values. Each of these layers learns to detect different features in the input image. In 
the convolutional neural network (CNN), the RGB images can be used for pattern 
recognition instead of binarised images. Unlike other neural networks, CNNs require 
less computation and can effectively differentiate between a large number of classes 
(Krizhevsky et al., 2012).  
Recent CNNs, such as region-based convolutional neural networks (R-CNNs) 
have demonstrated excellent performance on image detection tasks (Girshick, 2015; 
Girshick et al., 2014; Ren et al., 2015). Due to the excellent performance of CNNs, 
some studies have been carried out to apply it to crack detection, including cracks on 
nuclear power plant components (Schmugge et al., 2016), road cracks (Zhang, Yang, 
Zhang & Zhu, 2016), steel surface (Soukup & Huber-Mörk, 2014) and concrete cracks 
(Cha, Choi & Büyüköztürk, 2017). A study on railway defects detection was proposed 
that used a CNN due to its excellent performance (Soukup & Huber-Mörk, 2014). The 
railway surfaces in the study were homogenous, and the images were collected under 
controlled conditions. However, detecting concrete cracks due to corrosion of steel is 
more complicated, as the surfaces are non-homogenous and usually stained by rust. 
2.7 Summary 
This chapter, through a thorough review of the literature, summarised the basics of 
corrosion science, corrosion of steel in reinforced concrete, the steel–concrete interface, 
corrosion-induced cover cracking and the application of artificial intelligence in 
concrete crack detection. Several knowledge gaps in the extant literature were 
identified: 
1. lack of knowledge and information on the porous band at the steel–concrete 
interface regarding its distribution and thickness, and the influential factors 
that affect the formation of the porous band at the steel–concrete interface 
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2. lack of knowledge and information on the corrosion layer at the steel–
concrete interface regarding its distribution and thickness, and the 
influential factors that affect the formation of non-uniform corrosion layers 
at the steel–concrete interface 
3. lack of experimental data on concrete cover cracking to verify the existing 
models for corrosion-induced cracking 
4. potential application of artificial intelligence in concrete cover cracking 
detection. 
In Chapter 2, these shortcomings in the existing literature have been 
highlighted. The following chapters address these knowledge gaps: Chapter 3 
addresses knowledge gap 1; Chapter 4 addresses knowledge gap 2; and Chapter 5 
addresses knowledge gaps 3 and 4.  
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Chapter 3: Characterisation of Steel–Concrete Interface 
3.1 Introduction 
The interface between steel and concrete is an area with high porosity, containing 
porous band and voids. The pores and voids at this interface are mainly caused by 
micro-bleeding and the wall effect of cement paste around the steel bar (Angst et al., 
2017). They provide the corrosion with not only the essential oxygen and water, but 
also space for corrosion products to grow (Page, 1975). A combination of the pores 
and voids and the cement paste with high porosity close to the interface is collectively 
referred to as the porous band. It should be noted that the porous band usually excludes 
the cracks and micro-cracks in the cement paste near the steel–concrete interface.  
In studying corrosion-induced cracking, it is assumed that the porous band is 
first filled with corrosion products before inducing expansive pressure at the steel–
concrete interface. Experimental investigations have confirmed this assumption by 
observing corroded reinforced concrete samples with BSE imaging (Wong et al., 2010; 
Zhao et al., 2011). Thus, the thickness of this porous band plays an important role in 
predicting time to cover cracking in corrosion-affected RC structures (Chen et al., 
2018a). Apparently, the presence of a porous band of a larger thickness indicates an 
increase in time to crack initiation of concrete (Chernin & Val, 2011; El Maaddawy & 
Soudki, 2007), which leads to prolongation of the service life of corrosion-affected RC 
structures. 
As demonstrated in Chapter 2, the time to cover cracking, as an indicator for 
the service life of RC structures, is very sensitive to the thickness of the porous band 
at the steel–concrete interface (Chen et al., 2018). Despite the importance of the 
interface area, there are few studies on the geometrical microstructure of the steel–
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concrete interface. With limited information, it is often assumed that the steel–concrete 
interface has a similar property as the ITZ, which is the interface between cement paste 
and aggregates. In most of the predictive models for corrosion-induced concrete cover 
cracking in which the size of the steel–concrete interface is considered (e.g., El 
Maaddawy & Soudki 2007; Li et al., 2006; Liu & Weyers, 1998; Lu et al., 2011), it 
has been assumed that this area has a uniform thickness of about 10–20 μm around the 
steel bar, which is nearly the same thickness as the ITZ investigated by other 
researchers (Brough & Atkinson, 2000; Ollivier, Maso & Bourdette, 1995; Scrivener 
& Pratt, 1996). 
Some typical values for the thickness of the porous band used in those 
predictive models for time to corrosion-induced cracking are summarised in Table 3.1. 
It can be observed that a narrow range of values has been used in these predictive 
models. Moreover, these assumptions are not consistent with the experimental results 
(Horne et al., 2007; Söylev & François, 2003). For instance, Horne et al. (2007) 
reported that for w/c ratios of 0.49 and 0.70, the thickness of porous band beneath the 
embedded steel bar is 50 μm and 150 μm respectively. 
 
Table 3.1 
Typical Thicknesses Assumed For The Porous Band At The Steel–Concrete Interface 
In Predictive Models For Corrosion-Induced Cracking 
Concrete cover cracking predictive 
models 
Thickness of porous band at the 
interface 
Liu and Weyers (1998) 12.5 µm 
Li et al. (2006) 12.5 µm 
El Maaddawy and Soudki (2007) 10 µm, 20 µm 
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Chernin et al. (2010) 17.65 µm 
Kim et al.(2010) 20 µm 
Lu et al. (2011) 15 µm 
Su and Zhang (2015) 12 µm 
 
Conversely, the assumption that the porous band around the steel is uniform 
contradicts the findings of laboratory tests in which the non-uniformly distribution of 
the porous band at the interface has been observed (Angst et al., 2017; Cao & Cheung, 
2014). Further, variation in the thickness of the porous band at the steel–concrete 
interface over the steel bar perimeter, which depends on concrete mix and steel bar 
location, has not been considered in these models.  
Very few experimental studies on the geometric characteristics of the steel–
concrete interface can be found in the literature. Söylev and François (2005) used a 
video microscope with low magnification to investigate micro-defects at the steel–
concrete interface. With this technique, they observed gaps beneath the horizontal steel. 
However, the gap thicknesses at the interface were not further determined in their study. 
Mohammed et al. (2002) reported that there is a visible gap at the steel–concrete 
interface forming under the steel bars perpendicular to the casting direction, the size 
of which varies from several hundred micrometres to the order of a millimetre. The 
size of images used in their study is in the order of 1.0 mm. 
To gain a greater understanding of the steel–concrete interface, this chapter 
presents an accurate method for detailed preparation of concrete samples, and the 
measurement of the porous band at the steel–concrete interface using a BSE 
microscope. This method minimises the damage inflicted by the grinding and 
polishing of the steel–concrete interface. A new greyscale thresholding method is used 
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to identify the porous band at the steel–concrete interface from BSE images. 
Quantitative analysis based on BSE images is conducted for the entire interface around 
the steel. Repetition tests and statistical analysis are also carried out to verify the 
reliability of the quantification results from image analysis. This chapter also presents 
a specific experiment designed to quantify the microstructure of the steel–concrete 
interface with various concrete mixes and concrete cover thicknesses. The spatial 
variation of the thickness of the porous band around its perimeter and along the steel 
bar is investigated quantitatively. Also, mathematical models for the thickness of the 
porous band and its distribution around the steel–concrete interface as a function of 
concrete design parameters are developed. 
The research presented in this chapter is significant in that it provides 
quantitative experimental evidence of the non-uniform distribution of porous band 
around the steel bar at the steel–concrete interface. Mathematical models have been 
developed to characterise the porous band. The developed models for the porous band 
around the steel–concrete interface can be used in existing models to improve the 
prediction of non-uniform corrosion-induced concrete cracking. Hence, the findings 
in this chapter contribute to the knowledge of corrosion-induced concrete cracking and 
its effect on the service life of corrosion-affected concrete structures. 
3.2 Experimental Program 
In this section, an experimental program is designed to investigate the steel–concrete 
interface in reinforced concrete. A series of concrete specimens with various mix 
designs were cast. Since few experimental studies have been conducted for the 
quantification of the porous band at the steel–concrete interface, a new method was 
proposed in this study based on image analysis using a BSE microscope. Also, trails 
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were carried out for to prepare samples for BSE analysis, which minimises damage to 
the steel–concrete interface. 
3.2.1 Test specimens 
An experimental program was developed to quantify the thickness of the porous band 
at the steel–concrete interface and study the effects of basic concrete design parameters, 
namely w/c ratio, aggregate size and clear concrete cover, on the microstructure of the 
steel–concrete interface. Different values of three basic variables were considered: 
1. water-to-cement ratio (0.40, 0.45 and 0.50) 
2. cover thickness (20 mm and 30 mm) 
3. maximum aggregate size (10 mm and 14 mm). 
To cover all design variables, six proportions with different w/c ratios and 
maximum aggregate sizes were designed, and two series of specimens with cover 
thicknesses of 20 mm and 30 mm were cast. Specimen specifications used in this 
experiment are presented in Table 3.2. The cement used in this experiment was 
ordinary Portland cement. Single-sized coarse aggregates were used. 
Table 3.2 
Specifications Of Concrete Specimens 
Number 
w/c 
ratio 
Aggregate 
size 
Cover 
Course 
aggregate 
Sand Cement Slump 
Compressive 
strength 
 - mm mm kg kg kg mm MPa 
A10-20 0.40 10 20 775.7 779.1 542.9 110 40.95 
A10-30 0.40 10 30 775.7 779.1 542.9 110 40.95 
A14-20 0.40 14 20 937.3 695.6 509.5 110 39.58 
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A14-30 0.40 14 30 937.3 695.6 509.5 110 39.58 
B10-20 0.45 10 20 775.7 829.2 485.1 110 35.45 
B10-30 0.45 10 30 775.7 829.2 485.1 110 35.45 
B14-20 0.45 14 20 937.3 742.9 455.3 115 36.58 
B14-30 0.45 14 30 937.3 742.9 455.3 115 36.58 
C10-20 0.50 10 20 775.7 884.8 422.2 120 30.85 
C10-30 0.50 10 30 775.7 884.8 422.2 120 30.85 
C14-20 0.50 14 20 937.3 795.8 396.3 115 31.62 
C14-30 0.50 14 30 937.3 795.8 396.3 115 31.62 
 
Concrete specimens were 150 mm × 150 mm × 300 mm prisms, as shown in 
Figure 3.1. Ribbed steel bars of 16 mm diameter were used. To obtain statistically 
reliable results, for each concrete mix, three specimens were cast with total specimens 
of 36 (3 × 12). For the compressive strength test, three cylinders (100 mm × 200 mm) 
were also cast for each concrete mix. All specimens were water-cured for 28 days 
before compressive strength test, according to Australian Standard AS 1012 (AS 2014). 
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Figure 3.1. Geometry of concrete specimens. 
 
All concrete mixes were designed to have a similar slump, about 110–120 mm, 
and were compacted by a vibration table for 10 seconds so that the influence of slump 
and compaction method on the steel–concrete interface can be disregarded in this case. 
No mineral additives and superplasticisers were used in this experiment, as 
supplementary cementitious additives like fly ashes or silica fumes create some 
difficulties for BSE image analysis. For example, fly ashes containing carbons make 
it difficult to determine boundary lines between cement pastes and pores in BSE 
images (Diamond, 2001). Conversely, silica fumes and superplasticisers significantly 
affect the consistency of cement paste and slump of concrete (Ma, Chen, Zhang & Lin, 
2014), which also significantly affect the steel–concrete interface. 
3.2.2 Sample preparation 
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Considering the spatial variation of the porous band along the prism specimen, three 
slices of 10 mm thickness at three longitudinal locations were cut from each specimen 
(see Figure 3.2[a]). Samples of 38 mm in diameter containing a ribbed steel bar in the 
centre were core drilled using a step pulley drill press. Figure 3.2(b) shows three core-
drilled samples from slices cut from one of the concrete prisms. For statistical analysis, 
each test group has 3 (3 × 3) core-drilled samples to perform BSE imaging in this 
experiment (see Figure 3.3). 
 
  
(a) Concrete specimen (b) Sliced and cored drill samples 
Figure 3.2. Core-drilled sample preparation. 
 
 
Figure 3.3. Slices for repetition test. 
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Core-drilled samples were dried at a temperature of 25°C and moulded by 
ultra-low viscosity epoxy, as shown in Figure 3.4. A vacuum was applied to the 
concrete-epoxy moulds for 20 minutes to force the epoxy into the pores in samples. 
Then, the samples were left to harden under a temperature of 25°C for 24 hours, 
followed by oven drying below 60°C for one hour. As the samples were prepared at 
the same temperature and humidity condition, the shrinkage of concrete caused by the 
drying could be ignored. 
 
   
(a) Core drilling 
concrete slice 
(b) Coating cored-drilled 
samples 
(c) a BSE sample after 
grinding 
Figure 3.4. Epoxy moulding after core drilling. 
 
3.2.3 Polishing procedure 
To remove the damaged surface caused by the slice-cutting process, further surface 
grinding and polishing operations were performed. For this, an automatic polishing 
apparatus, which controls the polishing pressure, speed and time, was used (see Figure 
3.5). In this process, two grinding and three polishing steps were performed. SiC 
papers of P220 and P500 were used to grind the sample in the grinding process. The 
three polishing steps were performed by using non-aqueous solutions with diamond 
particles of 9 μm, 3 μm and 1 μm, respectively. The final finish polishing was 
equivalent to 1 μm to obtain BSE images with a higher resolution. Certain polish discs 
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with different surface textures, on which the samples are polished, are needed for each 
polishing step, as shown in Figure 3.6. Between each polishing step, an ultrasonic 
cleaner was used to clean the samples in preparation for the next step. 
 
Figure 3.5. The polisher used for sample preparation. 
 
 
Figure 3.6. The polish discs and polish agents for each step. 
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One concern during the grinding and polishing processes was the possible 
damage to the embedded steel bars. As it is vital to reduce deformation of steel during 
grinding and polishing, several attempts with different grinding duration times and 
polishing forces were conducted. A few extra core-drilled samples were cut for the 
trial of grinding and polishing. It was found that the first grinding step is of paramount 
importance in this experiment. In this step, the damaged surface is ground off, and the 
newly exposed surface is kept intact. Figure 3.7(a–b) shows two samples with the 
grinding duration of two and five minutes, respectively. Both were ground with P220 
SiC grinding paper under a pressing force of 30 kN. The ribs of steel cannot be found 
in the overground trial sample, as shown in Figure 3.7(b). It demonstrates that 
overgrinding leads to deformation of the steel and damages the steel–concrete 
interfacial microstructure. 
 
  
(a) Two min grinding (Sample C14-20) (b) Five min grinding (trial sample) 
Figure 3.7. BSE samples with different initial grinding duration times. 
 
Apart from the grinding duration in the first step, the pressing force applied to 
the sample during the following polishing steps is also important. With a few attempts 
of suitable polishing pressure, it was found that the polishing pressing force needs to 
be less than 30 kN. Figure 3.8 shows the BSE images of two samples prepared under 
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different polishing pressing forces. It can be observed that applying a pressing force 
higher than 30 kN leads to a non-smooth and unclear steel edge (see Figure 3.8[b]). 
Applying high pressure leads to the spalling of the steel surface during polishing. The 
spalled parts penetrate the resin, filling the voids. If the pressing force is less than 
30 kN, the edge of the steel is noticeably smoother with less spalling, as illustrated in 
Figure 3.8(a). 
In summary, to obtain a clear and intact interface image in this study, the first 
two grinding steps were set to two minutes and the grinding pressing force was 
maintained at 30 kN. The duration for the three polishing steps was set to four minutes, 
and the polishing pressing force was maintained at 25 kN. All 36 core-drilled samples 
were prepared in this way for BSE observation. 
  
(a) Polishing pressure of 25 kN (b) Polishing pressing force of 35 kN 
Figure 3.8. BSE images of samples with a different polishing pressing force. 
 
3.3 Quantification of Steel–Concrete Interface 
BSE imaging technology is an advanced technique that has been used to observe the 
microstructures in cement and concrete since the research published by Scrivener and 
Pratt (1984). BSE imaging has the advantage of distinguishing the phases (e.g., 
hydrated cement pastes, anhydrous cement pastes, aggregates, pores, ITZs and cracks) 
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of a flat-polished concrete sample. Each of the phases of concrete has its own greyscale 
range and brightness contrast in BSE images (Darwin, Abou-Zeid & Ketcham, 1995; 
Scrivener & Pratt, 1996; Wang & Diamond, 1994; Wong et al., 2009; Yang & 
Buenfeld, 2001). As a result, quantification analysis of the phases of concrete, as well 
as reinforced concrete, needs to be performed on BSE images (Glass et al., 2001; Head 
& Buenfeld, 2006; Horne et al., 2007; Wong et al., 2006a; Wong et al., 2006b).  
Alternatively, few BSE image processing techniques have been proposed for 
phase determination and pore segmentation in concrete (Scrivener et al., 1986; Wong 
et al., 2006b; Yang & Buenfeld 2001). It seems that there is no standard method for 
these techniques. If a set of consistent rules are applied for pore segmentation, the 
method for phase quantification in concrete can be more reliable. As the phase 
determination based on BSE images can be very subjective (Wong et al., 2006b), 
statistical analysis of the results obtained from BSE images is also necessary. Another 
issue for BSE imaging is the sample preparation of reinforced concrete. With the 
requirement of a flat-polished surface, reinforced concrete samples must be cut into 
suitable sizes and ground and polished with minimal damage to the steel–concrete 
interface. The steel bars are easily deformed during sample preparation, complicating 
the observation of the steel–concrete interface. A high-quality grinding and polishing 
process is needed to remove surface damage caused by cutting, while minimising the 
deformation of steel bars caused by the grinding and polishing. The grinding and 
polishing process for BSE samples was addressed in Section 3.2. Considering the 
above discussions, it is certain that a reliable method is essential for observation and 
quantification of the steel–concrete interface.  
In this section, the application of the BSE analysis on the quantification of the 
porous band at the steel–concrete interface is presented. This section also presents such 
98 
a method that is accurate for the measurement of the thickness of the porous band at 
the steel–concrete interface. Also, the porous band around and along the steel bar has 
been quantified. Further, the area near the ribbed areas of the steel bar has been 
observed. 
3.3.1 BSE image analysis 
BSE Image Capture. The FEI Quanta200 scanning electron microscope was used in 
BSE mode, in high vacuum mode (see Figure 3.9). All the BSE samples were carbon-
coated in a vacuum carbon-coating container before the analysis. 
 
Figure 3.9. FEI Quanta200 scanning electron microscope (RMIT Microscopy and 
Microanalysis Facility). 
 
The observation was made on the polished surface, starting from the top point 
of the steel (0 ) and measured counter-clockwise along the steel–concrete interface. 
Each BSE image obtained was marked by its angle location. According to the casting 
direction, the point of 0° degrees is the top of the steel, and 180° is the lowest point of 
the steel correspondingly, as illustrated in Figure 3.10. At least 25 BSE images were 
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obtained around the steel–concrete interface for each BSE sample. The images are of 
magnification × 720 and contain 1024 × 943 pixels. This resolution gives adequate 
information for image analysis. In addition, 15 images of magnification × 90 were 
obtained for each sample. 
 
Figure 3.10. BSE image capture process. 
 
Identification of interface is based on the greyscale level corresponding to each 
phase in concrete specimens (Diamond, 2001; Head & Buenfeld, 2006; Scrivener, 
1986; Scrivener et al., 1988; Scrivener et al., 2004; Wang & Diamond, 1994). By 
counting the numbers of pixels in a specific greyscale range, the area percentage and 
size of each phase can be determined. 
Greyscale range. As the contrast of BSE image varies with the mean atomic 
number of each phase, the phases of reinforced concrete can be identified. Figure 
3.11(a) shows a typical BSE image at the angle location of 100°. Grayscales of each 
phase in Figure 3.11(a) were manually determined first. Figure 3.11(b) shows the 
histograms of greyscales of each phase in the BSE image. It should be noted that the 
greyscale ranges of each phase selected in Figure 3.11(b) are a little broader than the 
actual value. It is necessary to ensure that the cumulative pixel numbers of each phase 
are slightly higher than 100 per cent, so that all the pixels are covered without missing 
any information in the image. 
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(a) BSE image of the steel–concrete interface 
 
(b) histograms of the greyscale range of each phase 
Figure 3.11. BSE image and corresponding greyscale histograms of each phase. 
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As iron has a high atomic number compared to other chemical elements in 
cement, it can be observed in Figure 3.11(a) that steel is shown as a bright white area 
with a very high greyscale value. Pores and voids are filled with epoxy, which consists 
of carbon with a relatively low atomic number. Thus, these areas are shown as black 
in the image. A porous band with very clear black at the interface can be observed in 
Figure 3.11(a). The contrasts of cement pastes and aggregate are between these two 
extreme phases. 
Figure 3.11(b) shows that there is no overlap between the greyscale ranges of 
steel and pores. Thus, it is easy to distinguish the boundary line between the porous 
band and steel edge. However, the greyscale range of hydrates in the cement paste 
overlaps with part of the greyscale of pores. The main issue in the BSE image analysis 
is to establish a consistent method to segment the boundary between the cement paste 
and porous band with a proper greyscale threshold value. With the preliminary 
greyscale analysis of each phase, further quantitative determination of the porous band 
can be performed. 
Determination of porous band boundary at the interface. For measuring the 
thickness of the porous band at the steel–concrete interface, the boundary lines of the 
porous band should be identified using a consistent and accurate method. Selection of 
a suitable greyscale threshold value for the porous band area is vital to the 
determination of interface boundary. Manual thresholding is a commonly used method, 
through which the features of interest regions can be displayed. However, this method 
is highly subjective (Wong et al., 2006b). Several researchers have proposed different 
techniques to segment phases in the BSE image of cement paste and concrete 
(Scrivener, Patel, Pratt & Parrott, 1986; Wong et al., 2006b; Yang & Buenfeld, 2001). 
Scrivener et al. (1986) proposed a tangent-slope thresholding method to distinguish 
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pores and cement pastes. Yang and Buenfeld (2001) presented an algorithm for 
separating aggregate particles through a combination of greyscale thresholding. Wong 
et al. (2006b) proposed a more efficient technique to segment pores from cement pastes 
in BSE images. All these approaches are designed to apply to cement paste. However, 
in the case of reinforced concrete, the porous band at the interface needs to be 
segmented from both steel and cement paste. Therefore, a new method for separating 
the porous band from steel and cement paste at the interface needs to be proposed. It 
should be noted that it is difficult to conclude the accuracy of these methods. 
Nonetheless, if the method employed is consistent and the statistical analysis reaches 
an adequate confidence level, the phase quantification based on BSE image can be 
considered acceptable. 
The method proposed takes a small section of 100 µm × 100 µm from a BSE 
image—for example, the captured image in Figure 3.112(a). The image is rotated so 
that the porous band is vertically oriented. Then, a horizontal line across the steel–
concrete interface (36 µm in length in Figure 3.12[a]) is drawn. This line covers the 
two boundaries between porous band and cement paste and those of the porous band 
and steel. The greyscale values along this horizontal line are then extracted, as shown 
in Figure 3.12(b). 
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(a) BSE image of the steel–concrete interface (100 µm × 100 µm) 
 
(b) Greyscale value along the horizontal white line drawn in (a) 
Figure 3.12. BSE image of steel–concrete interface and greyscale along the chosen 
white line. 
 
Based on the greyscale ranges in the histograms of each phase, three 
distinguished stages can be separated, as depicted in Figure 3.12(b). These stages 
represent the cement paste, the porous band and steel, respectively. Points A and B in 
Figure 3.12(b) represent the boundary line between the cement paste and the porous 
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band, while points C and D represent that between the porous band and the steel bar. 
The threshold value for the boundaries of the porous band was then determined based 
on the greyscale of the three stages shown in Figure 3.12(b). In the proposed method, 
the half-height point E on the slope line connecting points A and B was taken as the 
threshold value (grey value of 42 in Figure 3.12[b]). All pixels with a grey value below 
42 were regarded as pores and voids. 
Figure 3.13(a) shows the BSE image in Figure 3.12(a) after thresholding with 
the greyscale value of 42. The porous band at the interface between steel and concrete 
can now be clearly observed, as can the small pores. With the threshold grey value of 
42 (for the considered image), the two boundary ends of the porous band on the drawn 
line were determined as points E and F (Figure 3.11[b]). The porous band thickness 
(length of EF) is finally measured as 22 µm. It is worth noting that there is a 1 µm 
distance between points A and B and a 3 µm distance between points C and D, 
indicating a ±4 µm tolerance (about 18.2 per cent measurement error) in the 
measurement of the porous band thickness. Using the proposed method, such errors 
can be avoided.  
 
  
(a) after thresholding (b) rotation and measurements 
Figure 3.13. BSE image after thresholding. 
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In what follows, all porous bands were thresholded and measured by the 
method demonstrated above. 
Statistical analysis. Following the thresholding step, the thickness of the 
porous band at the steel–concrete interface can be measured. The mean value was used 
to represent the thickness of the porous band. To obtain a reliable average thickness, 
the number of recorded measurements for each porous band should satisfy a certain 
statistical requirement. For this purpose, the student’s t-distribution (Forbes, Evans, 
Hastings & Peacock, 2011) was used to confirm the adequacy of recorded 
measurements for each porous band as follows: 
𝑡0.95,𝑁−1 =
?̅? − 𝜇∗
𝑆/√𝑁
 (3.1) 
where N is the number of required measurements for each porous band, ?̅? is 
the mean value of the actual recorded measurements, S is the standard deviation of the 
actual recorded measurements and 𝜇∗ is the unknown true mean value of the porous 
band. 𝑡0.95,𝑁′−1 is the t-value with the confidence level of 95 per cent, which can be 
obtained from the t-value table. In this study, assuming that the measured mean value 
?̅? is required to be within 10 per cent of the true mean value, ?̅? − 𝜇∗ is taken as 0.1?̅?. 
This requirement applies to all porous band thickness measurements in this paper. 
For the porous band shown in Figure 3.13, results of the average thickness ?̅? 
along with the corresponding standard deviation S obtained from varying number of 
measurements (N’) are shown in Figure 3.14. As can be observed, the increasing N’ 
narrows down the standard deviation S, leading to the result of the average thickness 
of porous band closer to the true mean value 𝜇∗. With the given 𝑡0.95,𝑁−1(from the t-
value table) and ?̅? and S obtained from N’ measurement, the acceptable number of 
measurements N can be calculated from Equation 3.1. If N’ is larger than N, the 
measured results of the average thickness of the porous band are acceptable. Otherwise, 
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more measurements are needed to achieve this statistical significance. With the mean 
and standard deviation from the 20 measurements (N’ = 20) in Figure 3.11(b), and 95 
per cent confidence level, statistically, 19 measurements (N = 19) are required 
according to Equation 3.1. This suggests that the results obtained from 20 
measurements satisfy the statistical test. Thus, the measured mean value of 21.4 µm 
can be considered the representative of the porous band thickness for the image shown 
in Figure 3.13(a). 
 
 
Figure 3.14. Statistical analysis of measurements of the porous band shown in Figure 
3.11(b). 
 
3.3.2 Variation around steel bar 
The thickness of the porous band at the steel–concrete interface is a random 
phenomenon. It is expected that it varies from point to point along concrete members 
and also around the embedded steel bar. Investigation of the spatial variation of porous 
band thickness is one of the main objectives of this study. Figures 3.15 and 3.16 have 
shown the BSE images of the porous band at the steel–concrete interface from sample 
C14-20.  
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For each sample, the thickness of the porous band in different angles around 
the perimeter of the steel bar is measured. Figure 3.15 displays four BSE images at the 
angle locations of 0°, 90°, 180° and 270° from sample C14-20, slice 1. It can be 
observed that the thickness of the porous band is not the same for these locations. For 
further analysis, Figure 3.16 shows the post-thresholding BSE images of the porous 
band at the interface from 0° to 360° around the steel bar for sample C14-20. For 
convenience in comparison of results, the porous band extracted from BSE images 
after thresholding are adjusted upright and parallel-arranged in the order of the angles 
around the steel bar. From Figures 3.15 and 3.16, it is evident that the porous band at 
the top part of the steel is slimmer than those at the bottom. This indicates that the 
distribution of porous band at the interface around the steel is non-uniform. In Figure 
3.16, the average thickness of the porous band at 0° is 3.9 µm, and the value at 180° is 
45.1 µm. The statistical analysis of the porous band of sample C14-20 in Figure 3.16 
is listed in Table 3.3. All measured results satisfy the statistical requirements discussed 
in Section 3.3.1. 
 
 
Figure 3.15. BSE images of the porous band at the interface from sample C14-20. 
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Figure 3.16. The porous band at the interface around the steel bar after thresholding 
from sample C14-20. 
Table 3.3 
Statistic Analysis Results Of The Porous Band Of Sample C14-20 
Angle 
location 
Mean 
value 
(µm) 
Standard 
deviation 
(µm) 
𝑡0.95,𝑁′−1 
Required 
N 
Actual 
measurement 
times (𝑁′) 
0°  3.9 0.82 2.093 19.6 20 
90°  4.2 0.95 2.074 22.1 23 
160° 42.1 9.09 2.086 20.3 21 
180° 45.1 10.6 2.069 23.5 24 
220° 28.7 6.45 2.080 21.9 22 
270° 17.6 3.74 2.093 19.8 20 
350°  4.5 1.03 2.074 22.4 23 
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Figure 3.17 also shows additional thresholded BSE images from sample C10-
20, slice 1, where ?̅?0 denotes the average thickness of the porous band. 
 
 
Figure 3.17. Variation of interface porous band thickness around the steel bar (sample 
C10-20, slice 1). 
 
Images in Figure 3.17 also show a significant variation in the thickness of the 
porous band around the steel bar, which further supports the non-uniformity of the 
porous band. The porous band at the lower area of the steel (see angle locations of 170° 
and 210°) are larger than those at the top area (see angle location of 0°). The average 
measured thickness of porous band at 0° in Figure 3.17 is 17.0 µm. However, the 
thickness of the porous band at 210° reaches 54.6 µm, which is more than three times 
thicker than that at the top. Horne et al. (2007) reported that for w/c ratio of 0.49, the 
thickness of the porous band at the interface underneath the steel is about 40–50 µm 
in the concrete, while at the top of the steel surface the thickness is less than 10 µm. It 
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appears that there is a correlation between the variation of the porous band around the 
steel bar and casting direction. As a practical note, as the porous band are non-
uniformly distributed around the steel bar, if possible, keeping the side with the smaller 
porous band towards the aggressive environment would be a good way to delay the 
corrosion initiation. However, a larger porous band means a larger volume to 
accommodate corrosion products, which can delay corrosion-induced concrete 
cracking. 
The non-uniformity in thickness of porous band at the steel–concrete interface 
is attributed to a phenomenon similar to that observed in the formation of ITZ, which 
is mainly governed by the wall effect (Bentur & Alexander, 2000; Scrivener, 1999). 
During compacting, concrete on top of the steel bar moves downwards, and as such, 
concrete on the top becomes denser than concrete on other sides of the steel bar. The 
steel bar blocks the aggregates from moving downwards. This wall effect is more 
prominent in the case of contact between concrete (mortar) and steel bar than that 
between coarse aggregates and mortar (for ITZ), as the steel bar is in a fixed position 
compared to a floating aggregate. Further, it is easier for water to accumulate around 
the steel bar, as water moves faster than the aggregates. Therefore, the properties of 
the steel–concrete interface should not be assumed to be similar to those of ITZ (Liu 
& Weyers, 1998). This phenomenon (see Figures 3.15 and 3.16) was identified in the 
BSE images of all samples in the experiment. 
3.3.3 Variation along steel bar 
The interfacial porous band at three different locations along the concrete prism of the 
same specimen was also quantitatively analysed. The results from sample C10-20 from 
three different longitudinal locations along the steel bar are displayed in Figure 3.18. 
The stack bars in this figure indicate the variation of measurements obtained from the 
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three duplicate specimens. The results show that the non-uniform distributions of the 
thickness of the porous band around the steel bar follow the same trend. The maximum 
porous band thickness occurs in an angular range of 180°–210°. The non-uniform 
distribution of porous band thickness around the steel bar is mainly due to the casting 
direction. The results depicted in Figure 3.18 indicate that the casting direction only 
affects the distribution of the porous band around the steel bar without affecting the 
longitudinal distribution along the steel bar. 
 
 
Figure 3.18. Non-uniform distribution of porous band, samples C10-20. 
 
3.3.4 Porous band near ribs of steel bar 
Ribbed steel bars are widely used in RC structures to enhance the bond strength 
between steel and concrete. An interruption in the smooth circular surface of a ribbed 
steel bar can change the microstructures of concrete at the area near the rib, creating 
an interface that may be different from other parts of the steel bar surface. 
Figure 3.19(a) shows a typical area around the rib of the steel bar from sample 
C14-20. The porous band at the interface right below the rib (denoted as zone I in 
Figure 3.19[a]) is larger than that at the side of the rib (denoted as zone II in Figure 
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3.19[b]). The average thickness of the porous band formed in zone I is 59.8 µm. It is 
nearly three times wider than the average thickness of the porous band at the side of 
the rib (i.e., in zone II, which is 17.1 µm). In Figure 3.19(b), at the corner of the rib, a 
porous area can be observed, which seems to be connected to the porous band at the 
interface. It is also evident in Figure 3.19(c), obtained from sample B14-20, that the 
porous area is connected to the porous band underneath the rib, leading to a large void 
at the bottom of the rib. In Figure 3.19(d), obtained from sample A14-20 with a low 
w/c ratio, the porous area can also be found; however, it is not connected to the porous 
band. 
 
  
(a) porous band around the rib (sample 
C14-20) 
(b) corner of the rib (sample C14-20) 
  
(c) porous band around the rib (sample 
B14-20) 
(d) porous band around the rib (sample 
A14-20) 
Figure 3.19. Microstructure around the rib of the steel. 
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From Figure 3.19, it can be observed that the ribs of the steel bar cause a more 
porous concrete around the rib areas, in particular, at the corner of the ribs. Therefore, 
for most corrosion-induced cracking models, which consider the porosity or the empty 
porous band at the interface, the porous band and the influence of the steel ribs should 
also be considered. 
3.4 Effect of Design Parameters on Microstructure of Steel–Concrete 
Interface 
During the past 20 years, more information has become available about the steel–
concrete interface. Horne et al. (2007) quantitatively investigated the microstructure 
of the steel–concrete interface based on BSE images. Unfortunately, the information 
about the geometry of concrete specimens, workability of the prescribed concrete 
mixes and compaction details was not provided in Horne et al. (2007). Therefore, the 
factors that affect the microstructure of the steel–concrete interface remain unclear. A 
full understanding of the factors that affect the steel–concrete interface necessitates 
more research on the characterisation of the steel–concrete interface. 
To gain a greater understanding of the steel–concrete interface, this section is 
designed to quantify the microstructure of the steel–concrete interface with various 
concrete mixes. The effect of concrete design parameters—w/c ratio, aggregate size 
and concrete cover thickness—on the microstructure of the steel–concrete interface is 
investigated quantitatively. Further, the influence of the casting direction of the 
concrete specimens on the porous band is also investigated. 
3.4.1 Effect of water-to-cement ratio 
The variation of the thickness of porous band in samples A14-20, B14-20 and C14-20 
is shown in Figure 3.20, which depicts the effect of w/c ratio of concrete on the porous 
band at the interface. The porous band of sample C14-20 with 0.5 w/c ratio appears to 
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be larger than those of samples A14-20 and B14-20, especially at the bottom area of 
the steel. Although the thickness of the porous band in sample B14-20 with 0.45 w/c 
ratio seems close to that of sample A14-20 with 0.4 w/c ratio, at the bottom area of the 
steel, namely at angles from 120°–270°, the porous band in sample B14-20 is larger 
than that of sample C14-20. It is evident that the w/c ratio can significantly affect the 
thickness of the porous band. High w/c ratio increases the thickness of the porous band, 
as high w/c ratio favours the micro-bleeding of the cement paste and the wall effect, 
especially at the bottom area of the steel bar. 
 
 
(a) Effect of w/c ratio on porous band distribution around steel bar 
 
(b) Effect of w/c ratio on average and maximum values 
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Figure 3.20. Effect of w/c ratio on the porous band at the interface (samples with 
14 mm aggregates). 
 
Figure 3.20(a) also shows non-uniform distribution of the porous band around 
the steel due to the casting direction (i.e., the thickness of porous band on top of the 
steel bar is smaller than that at the bottom in the direction of compaction). However, 
low w/c ratio leads to less non-uniformity of the porous band around the steel. Figure 
3.20(b) shows the influence of w/c ratio on the average and maximum values of the 
porous band. With the decrease of w/c ratio, both average and maximum values decline. 
If the w/c ratio is low—for example when w/c ratio is 0.45 and 0.4—the decreasing 
trend in porous band tends to fall. 
The BSE images and the corresponding thresholded images of samples A10-
20, B10-20 and C10-20, which have different w/c ratios, at location 1 and angle 
location of 180°, are shown in Figure 3.21. It is clear that the porous band at the bottom 
of the steel increases with w/c ratio. Figure 3.21 also demonstrates that the pores and 
voids in concrete increase with the w/c ratio. This is in line with findings of other 
researchers, such as Horne et al. (2007). An increase in the w/c ratio produces 
interfaces of higher porosity and lower levels of calcium hydroxide. Given that the 
porous band at the interface of the steel bar and those at the interface of aggregates are 
both due to the wall effect, conclusions from studies on the effect of w/c ratio on the 
ITZ can be used to compare with assumptions made regarding the steel–concrete 
interface. For instance, Elsharief et al. (2003) reported that reducing the w/c ratio from 
0.55 to 0.40 appears to reduce the porosity of the ITZ. However, they stated that this 
reduction is less obvious for larger aggregate sizes. Scrivener (1999) also reported that 
the w/c ratio can affect, though not considerably, the microstructure of ITZ. Results in 
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Figure 3.21(a–c) indicate that the effect of w/c ratio on the porous band at the bottom 
side of the steel bar is considerable. Increasing the w/c from 0.4 to 0.5 doubles the 
thickness of the porous band. 
 
 
Figure 3.21. Porous band at angle of 180° for samples A10-20, B10-20 and C10-20. 
 
Figure 3.22(a–b) illustrates the effect of w/c ratio on the thickness of interface 
porous band at the top and bottom of the steel bar, respectively. The data in this figure 
are obtained from samples with the same aggregate size of 10 mm. The results in 
Figure 3.22 show that there is a gradual increase in porous band thickness with the 
increase of w/c ratio for both minimum (top of the steel bar) and maximum (bottom of 
the steel bar) porous band around the steel bar. Figure 3.22(a) shows that the increase 
in the thickness of the porous band becomes small when the w/c ratio increases from 
0.45 to 0.50. Alternatively, from Figure 3.22(b), it can be observed that compared to 
the top area, the increase in maximum porous band thickness is significant when the 
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w/c ratio increases. This suggests that high w/c ratio has a more influential effect on 
the porous band formation at the bottom of the steel–concrete interface than it has at 
the top of the steel bar.  
 
 
(a) Porous band at the top area (around 0º) 
 
(b) Porous band at the bottom area (around 180º) 
Figure 3.22. Effect of w/c ratio on porous band thickness (samples with 10 mm 
aggregates). 
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From Figure 3.22(a–b), it can also be clearly observed that concrete cover 
affects the thickness of porous band proportionally, with larger cover leading to larger 
thickness. However, it seems that the w/c ratio is more influential on the thickness of 
the porous band than it is on the clear cover thickness. The influence of w/c ratio on 
the porous band at the bottom area of the steel bar is more significant than it is at the 
top. This evidence provides some important insights for concrete mix design in 
controlling the steel–concrete interface considering the microstructures. To have small 
porous band at the steel–concrete interface, the first option is to reduce the w/c ratio 
while keeping the slump identical. If reducing water without sacrificing slump is not 
an available option, placing the steel bar at a lower part of the concrete where concrete 
is relatively denser than other parts would be an effective way to reduce the thickness 
of the porous band. 
3.4.2 Effect of concrete cover thickness 
Figure 3.23 shows the comparison of the porous band at the bottom of the steel 
between samples B14-20 and B14-30. The porous band in the sample with 20 mm 
cover is obviously smaller than that in the sample with 30 mm cover. It is also 
observable that there are more pores in the 30 mm cover sample than there are in the 
20 mm cover sample. This indicates that the cover thickness not only affects the porous 
band thicknesses, it also affects the porosity of the concrete underneath the steel. 
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Figure 3.23. The porous band at the angle location of 180° in samples B14-20 and 
B14-30. 
 
The effect of cover thickness on the porous band could be attributed to the 
gravity of concrete itself due to casting direction. In samples with 20 mm cover 
thickness, a steel bar is placed at a lower position to the bottom of the prism. At a lower 
position, concrete becomes relatively denser, as coarse aggregates move downwards 
while water moves upwards during compacting. Consequently, the sample with 20 mm 
cover thickness has a relatively low porosity compared to the same with 30 mm cover 
thickness in the cover region. The trend observed in this study is consistent with 
previous studies that have examined the effect of steel orientation in concrete on the 
steel–concrete interface porous band and steel corrosion (Mohammed et al., 2002; 
Nasser et al., 2010).  
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Figure 3.24 shows the porous band thickness measured from samples with the 
same w/c ratio but different cover thicknesses. All measured samples were obtained 
from location 1 of the concrete prism. There is a clear decreasing trend in the porous 
band thicknesses as the cover thickness reduces from 30 mm to 20 mm. In all tested 
samples in this study, the cover thickness shows the same effect on the microstructure 
of the steel–concrete interface (i.e., small cover thickness leads to relatively small 
porous band around the steel–concrete interface). 
 
 
(a) w/c = 0.40 
 
 
(b) w/c = 0.45 
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(c) w/c = 0.50 
Figure 3.24. Effect of concrete cover thickness on porous band thickness (samples 
with 14 mm aggregates). 
 
From the experimental results in Figure 3.24, it can also be inferred that the 
thickness reduction in the porous band at the bottom area of the steel is more obvious 
than that at the top area. Further, for higher w/c ratios, the reduction in thickness of 
porous band due to smaller clear concrete cover is more significant. For instance, with 
a w/c ratio of 0.5, the maximum porous band drops from about 157.3 µm to 42.2 µm 
when cover thickness reduces from 30 mm to 20 mm, as demonstrated in Figure 
3.24(c). 
3.4.3 Effect of aggregate size 
Figure 3.25 shows the influence of aggregate size on the maximum porous band (i.e., 
at the bottom of the steel bar). It seems that for low w/c ratio, the difference on the 
thickness of porous band due to aggregate size is negligible. Conversely, for higher 
w/c ratio, the aggregate size can have a stronger effect on the thickness of the porous 
band. The effect of aggregate size on the thickness of porous band does not seem to 
follow a specific trend and for some cases, it appears to have contradicting effects. For 
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instance, for a given w/c ratio of 0.50, when the clear concrete cover is 20 mm, the 
larger aggregate size leads to a smaller porous band thickness. In the case of 30 mm 
concrete cover, the larger aggregate size results in larger porous band thickness. 
 
(a) 20 mm cover thickness 
 
(b) 30 mm cover thickness 
Figure 3.25. Maximum porous band at bottom area in samples with different aggregate 
sizes. 
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The influence of aggregate size on the porous band at the steel–concrete 
interface can be explained by local w/c ratio around the steel surface. Through 
affecting the local w/c ratio, aggregate size may influence the microstructure of the 
steel–concrete interface. Large aggregate particles tend to accumulate more bleeding 
water around them than the smaller aggregates do (Elsharief et al., 2003). This, in turn, 
results in the mortar, which surrounds the steel bar, having a lower w/c ratio. For lower 
w/c ratios, smaller porous bands are anticipated. Therefore, it is expected that the use 
of large aggregate size would lead to smaller porous band thicknesses. In most cases 
shown in Figure 3.25, such an expectation can be observed. Nonetheless, there are two 
cases in which the results are opposite to the expectation. Given that in this study only 
two different sizes are used, for more conclusive findings on the effect of aggregate 
size on the microstructure of porous band at the steel–concrete interface, experimental 
results involving a wider range of aggregate sizes might be needed. 
It is worth noting that the effect of cover thickness on the thickness of the 
porous band can also be explained using the local w/c ratio effect. In horizontal 
concrete segments, due to vibration, bleed water tends to move upwards, leading to 
higher w/c ratios for the upper part of the concrete segment. Therefore, it is expected 
that when a steel bar is placed in a higher position (i.e., larger cover thickness), due to 
higher w/c ratio, the porous band thickness increases. The results in Figure 3.25 are in 
line with this analysis. Nonetheless, as previously discussed, other factors, such as 
gravity, can explain the effect of cover thickness. 
3.4.4 Effect of casting direction 
Since it has been found that the thickness variation of the porous band can be caused 
by the concrete casting direction, extra tests were carried out to investigate the 
influence of concrete casting on porous band distribution. Three cylinder specimens 
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were cast with the same concrete mix design as C10-20, with a 0.5 w/c ratio. The 
diameter of the cylinder specimen is 150 mm and the length is 300 mm. The same steel 
bar, with 16 mm diameter, was used and fixed in the centre of the cylinder, as shown 
in Figure 3.26. Five slices were cut from the top to the bottom of the cylinder 
specimens. 
 
 
Figure 3.26. Five slices were cut from the concrete from top to bottom side. 
 
Figure 3.27 shows the porous band from the top and bottom sides of the 
cylinder specimen (slice 1 and slice 5 in Figure 3.26). It clearly depicts that the porous 
band at the top side is significantly larger than that at the bottom. 
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(a) Porous band at the top side of the cylinder concrete (slice 1 in Figure 3.26) 
  
(b) Porous band at the bottom side of the cylinder concrete (slice 5 in Figure 3.26) 
Figure 3.27. Porous band at the top and bottom sides of the cylinder specimen. 
 
The discrepancy of the porous band thickness between the top and bottom sides 
might be caused by the gravity effect, as the concrete at the bottom tends to be denser, 
and water might move upwards during compaction. Also, the top side of the steel bar 
moves more drastically when compacting, which contributes to the large porous band. 
Further, with the observation on the porous band distribution around the steel bar, non-
uniform distribution was also observed. However, the angle locations of the minimum 
and maximum thickness appear at random locations around the steel bar. By 
comparing the distribution of porous bands in horizontal cast concrete specimens in 
previous sections, the porous band in vertically cast concrete does not exhibit in the 
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form as it does in horizontally cast concrete. Therefore, it can be inferred that in a 
corrosive environment, the corrosion of steel along the steel bar might be prominent 
at the top side in the vertically cast concrete, while the corrosion distribution around 
the steel bar might appear in a more random form. 
3.5 Modelling Microstructure at the Steel–Concrete Interface 
Despite the thickness of the porous band, its distribution is another crucial factor for 
corrosion-induced cracking in concrete. The uniform distribution of porous band is an 
ideal scenario and it simplifies the derivation of the stress on concrete due to corrosion 
expansion, as depicted in Figure 3.28(a). However, the non-uniform pattern is believed 
to be more realistic; some other studies have provided qualitative evidence (Angst et 
al., 2017; Söylev & François, 2003). In the case of a non-uniform porous band, the 
growth of corrosion products is confined in a non-uniform pattern as shown in Figure 
3.28(b). The distribution of expansion stress is changed accordingly, which causes 
difficulty in predicting stress concentration around the steel bar. Therefore, modelling 
on the distribution of the porous band is an essential prerequisite of the accurate 
derivation of expansion stress. 
 
 
(a) Uniform porous band at steel–concrete interface 
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(b) Non-uniform porous band at the steel–concrete interface 
Figure 3.28. The influence of the distribution of porous band on the corrosion layer 
at the steel–concrete interface. 
 
In this section, mathematical models for the thickness of the porous band and 
its distribution around the steel–concrete interface as a function of concrete design 
parameters are developed. The significance of the section is that the developed models 
for the porous band around the steel–concrete interface can be used in existing models 
to improve the prediction of non-uniform corrosion-induced concrete cracking. It 
should be noted that the distribution of the porous band discussed in this section only 
applies to the horizontal steel bar scenario. 
3.5.1 Distribution of porous band 
In most studies on the steel–concrete interface, the porous band is found to reside under 
the steel bar due to the wall effect of the steel and water bleeding of the cement paste 
(Chen et al., 2019; Horne et al., 2007; Mohammed et al., 2002; Nasser et al., 2010; Shi 
& Ming, 2017; Söylev & François, 2003). Thus, four non-uniform distribution forms 
of the porous band can be categorised from the observations of the steel–concrete 
interface from the literature (see Figure 3.29). 
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(a) Entrapped void (b) Localised porous band 
  
(c) Half-elliptical porous band (d) Encircled porous band 
Figure 3.29. Various forms of the porous band at the steel–concrete interface. 
 
The voids formed from trapped air are often observed at the bottom of the steel 
bar, as shown in Figure 3.29(a). Their size can be in millimetres (Mohammed et al., 
2002). These large voids can be caused by poor workability of fresh concrete, improper 
mixing and vibration techniques. Technically, certain methods, such as the addition of 
super-plasticisers, can diminish the entrapped air voids at the bottom of the steel bar. 
Therefore, these voids are not strictly the porous band defined in this study. 
Localised porous bands (see Figure 3.29[b]) and half-elliptical porous bands 
(Figure 3.29[c]) at the steel–concrete interface have been observed in some studies 
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(Angst et al., 2017; Mohammed et al., 2002; Söylev & François, 2003). These two 
forms can be simply described as: 
Localised porous band: 𝑑0 =
{
 
 0,−𝜋 ≤ 𝜃 ≤ −
𝜋
2
𝑘 cos(𝜃), −
𝜋
2
≤ 𝜃 ≤
𝜋
2
0,
𝜋
2
≤ 𝜃 ≤ 𝜋
 (3.2) 
Half-empirical porous band: 𝑑0 =
1
√2𝜋𝑎1
𝑒
−(𝜃−𝑎2)
2
√2𝑎1 + 𝑎3, −
𝜋
2
< 𝜃 <
𝜋
2
 (3.3) 
where k, a1, a2, a3 are coefficients, and 𝜃 is the angle location of the porous 
band with polar coordinates shown in Figure 3.29. It should be noted that the localised 
porous band and the half-elliptical porous band are ideal scenarios. In the findings of 
the steel–concrete interface, most attention has been paid to the more porous area, the 
bottom area of the steel bar. The porous band at the top of the bar has been neglected. 
Additionally, low precision of video microscope employed in some observations has 
contributed to the overlooking of the relatively small porous band at the top of the steel 
(Mohammed et al., 2002; Söylev & François, 2003). 
The encircled porous band—shown in Figure 3.29(d) at the steel–concrete 
interface—is believed to be more universal. It has been observed and examined by 
BSE microscopy (Chen et al., 2019). A very small porous band has been found on the 
top of steel. It is worth mentioning that there has been no report that the porous band 
can be completely eliminated via proper mix design, functional additives and 
compaction methods. Therefore, it is imperative to understand the formation 
mechanisms of the porous band, the influential factors affecting its formation and their 
effects on the properties and performance of reinforced concrete. The modelling of the 
encircled porous band would be more useful to the study of bond strength derivation 
and corrosion expansion simulation. 
The data of encircled porous band, d0, around the steel bar are shown in Figure 
3.30. They were used to identify the influential factors that affect the thickness of the 
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porous band. In Figure 3.30, the results clearly show that larger w/c ratio and cover 
thickness lead to a larger porous band, d0. It can also be observed that the thickness of 
the porous band at the top part of the steel bar is smaller than it is at the bottom.  
 
Figure 3.30. Spatial variation of the thickness of porous band for different material 
and geometric properties. 
 
The non-uniform distribution of porous band, as shown in Figure 3.30, can be 
mainly attributed to casting direction and the mechanism of the flow of fresh concrete 
around the steel rebar. As Figure 3.31(a) demonstrates, the steel bar acts as an obstacle 
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against the flow of fresh concrete before setting. Fresh concrete on top of the steel bar 
is in direct gravity-driven contact with the surface of steel bar, which does not move, 
creating a wall effect. Below the bottom of the steel bar, a separation area is formed, 
where there is no gravity-induced pressure. Depending on the viscosity of fresh 
concrete, which is related to the workability of concrete, the contact pressure and 
extent of the separation area vary. It is clear that due to the higher gravity-induced 
pressure on top of the steel bar, a smaller porous band is expected, as shown in Figure 
3.31(b). In the samples with 30 mm cover, the fresh concrete on top of the bar exerts 
less pressure on the steel bar, as opposed to the samples with 20 mm cover, resulting 
in a larger porous band. Also, at the bottom of the steel bar, the water moving upwards 
due to bleeding as a result of vibration is trapped below the steel bar, leading to higher 
water content and paste that is more porous. Therefore, a larger porous band is 
expected to appear at the bottom of the steel bar. 
 
 
(a) Micro-bleeding and wall effect due to presence of steel rebar 
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(b) casting and gravity pressure affecting the thickness of the porous band 
Figure 3.31. Formation of the porous band at the steel–concrete interface. 
 
To quantify the effect of w/c ratio, aggregate size, and concrete cover on the 
thickness of the porous band, d0, an equivalent uniform thickness of the porous band 
is proposed in this study. This equivalent thickness physically represents the volume 
of the porous band per unit length at the steel–concrete interface. In Figure 3.32, the 
maximum and equivalent thickness values of d0 for one of the samples are 
conceptually depicted. 
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Figure 3.32. Concept of maximum d0,max and equivalent uniform d̅0 (w/c = 0.45, 
cover = 30 mm, agg. size = 10 mm). 
 
It is worth noting that with the proposed definition of equivalent uniform 
thickness of the porous band, the area under the d0(θ) curve is equal to that of the 
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equivalent rectangle under the d̅0 line (see Figure 3.28). This can be mathematically 
formulated as: 
 (3.4) 
Material properties, such as the w/c ratio and aggregate size, affect the whole 
concrete mixture, thereby equally affecting the thickness of the porous band around 
the entire perimeter of the steel bar. Therefore, a strong correlation between the 
maximum and proposed equivalent uniform thickness of the porous band is expected. 
The results in Figure 3.33 confirm this expectation with a very high coefficient of 
determination (R2 = 0.8215) for the linear relationship between d̅0 and d0,max. 
 
 
Figure 3.33. Relationship between the maximum and equivalent uniform thickness 
of the porous band. 
 
Based on the results shown in Figure 3.33, it can be simply concluded that the 
equivalent uniform thickness of the porous band is approximately half of the maximum 
thickness that occurs at the bottom part of the steel bar. 
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Following the above confirmation of the strong relationship between the 
maximum d0,max and the proposed equivalent uniform d̅0, either of these parameters 
can be used to relate material properties and concrete cover to the thickness of the 
porous band. Figure 3.34 illustrates the relationship between the maximum (𝑑0,𝑚𝑎𝑥) 
and equivalent uniform thickness of porous band (𝑑0) with w/c ratio, cover thickness 
and aggregate size. The results clearly show that the w/c ratio and cover thickness have 
a considerable positive effect on the thickness of the porous band, as quantified by 
either the maximum or equivalent uniform thickness. Conversely, the aggregate size 
shows a less significant influence on the thickness of the porous band. 
 
 
(a) Effect of w/c ratio 
 
 
(b) Effect of clear cover thickness 
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(c) Effect of aggregate size 
Figure 3.34. Relationship between the thickness of the porous band and material 
properties and cover thickness. 
 
The correlation coefficient, ρ, between thicknesses of the porous band with 
each of the variables, is shown in Table 3.4. Table 3.4 indicates that the correlation 
between the thickness of the porous band and the w/c ratio is stronger than that of 
cover thickness. Moreover, w/c ratio shows a more significant influence on the 
thickness of the porous band. However, with the data produced in this experimental 
program, it is difficult to declare any relationship between the aggregate size and the 
thickness of the porous band, as the correlation coefficient 𝜌  is quite low. It is 
interesting to note that the equivalent uniform thickness exhibits a better correlation 
with the variables than the maximum thickness does. As the equivalent uniform 
thickness is a representative of the porous band around the entire perimeter of steel bar, 
not just a single point at the steel bar and perfectly related to the volume of the porous 
band at the steel–concrete interface, it would be a better indicator to relate the thickness 
of porous band to material properties. 
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Table 3.4 
Correlation Coefficient 𝜌 Between The 𝑑0 And Variables 
Variables 𝜌(𝑑0,𝑚𝑎𝑥) 𝜌(𝑑0) 
w/c ratio 0.64 0.71 
Cover thickness 0.44 0.51 
Aggregate size 0.05 0.10 
 
With the increase of w/c ratio, a larger porous band at the steel–concrete 
interface is expected, as high w/c ratio results in high porosity of cement paste. 
Findings of this study are also in line with other research (Horne et al., 2007). As 
previously discussed, the effect of cover thickness on the porous band could be 
attributed to the gravity effect due to casting direction. In samples with lower cover 
thickness, the steel bar is placed at a lower position to the bottom. At a lower area, the 
concrete becomes relatively denser, as aggregates move downwards and water moves 
upwards while compacting. Consequently, samples with smaller cover thickness have 
a relatively low porosity compared to samples with a higher cover thickness. The trend 
observed in this study is consistent with previous studies that examined the effect of 
steel orientation in concrete on the steel–concrete interface gaps and steel corrosion 
(Mohammed et al., 2002; Nasser et al., 2010).  
3.5.2 Proposed models 
Based on the analysis of experimental results as presented in Figure 3.30, a new 
empirical model can be developed using best-fit data analysis to estimate the thickness 
of the porous band at the steel–concrete interface, d0, as a function of some concrete 
design variables (i.e., w/c ratio, the cover thickness and aggregate size as well as the 
location around the interface). The merit of the model is that it is directly related to 
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design variables and able to consider the non-uniform distribution of the porous band 
around the steel bar. The preceding discussion on the experimental results indicates 
that the aggregate size shows no considerable influence on the thickness of the porous 
band. As such, it is excluded from the model fitting. Therefore, a predictive model 
relating the thickness of the porous band, d0, to w/c ratio, concrete cover, C, and the 
angular location around the steel bar (see Figure 3.32[a]), θ, can be formulated. The 
first assumption made in the modelling is that the w/c ratio and cover thickness would 
equally affect the thickness of porous band at all points around the steel bar. The results 
in Figure 3.34 support this assumption, where there is a stronger correlation between 
the equivalent uniform thickness of the porous band and w/c ratio and cover thickness 
than there is for the maximum porous band thickness. This allows modelling thickness 
of porous band as a product of two uncorrelated functions, where the first function 
[g(w/c, C)], referred to as materials function, considers the effect of w/c ratio and cover 
thickness on the whole porous band around the steel bar—that is, the volume of porous 
band—and the second function [f(θ)], referred to as distribution function, is only a 
function of the angular location, taking into account non-uniformity of the thickness 
of porous band around the steel bar. This can be mathematically formulated as: 
𝑑0(𝑤/𝑐, 𝐶, 𝜃) = 𝑔(𝑤/𝑐, 𝐶) × 𝑓(𝜃) (3.5) 
Function g(w/c, C) has a length dimension (e.g., μm). It is not the maximum 
thickness, d0,max, nor the equivalent uniform thickness, d̅0. The function f(θ) is a 
dimensionless function, which defines the right pattern of distribution of porous band 
and its volume around the steel bar in unit length. It is worth noting that in cases in 
which casting direction and thus gravity effect are not dominant (e.g., for concrete 
columns), this model may not be applicable. However, the method used for the model 
development is still applicable. 
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Fitting materials function g(w/c, C). The scatter of data in Figure 3.34(a–b) 
suggests that w/c ratio and clear cover thickness have a positive impact on the thickness 
of the porous band. Given the limited number of experimental data, monotonically 
increasing functions, such as linear and power functions that have the least numbers 
of calibration parameters, would suit the model calibration purpose. As there are only 
two sets of data points for the clear cover thickness, the linear function would be 
statistically more appropriate for the term relating to the cover thickness. For the effect 
of w/c ratio, a power function with only one calibration parameter (the power exponent) 
would be an appropriate choice. Therefore, assuming that the w/c ratio and the concrete 
cover have an independent influence on the thickness of the porous band, the following 
form can be proposed for g(w/c, C) function: 
𝑔(𝑤/𝑐, 𝐶) = 𝛼(
𝐶
10
)(𝑤/𝑐)𝛽 (3.6) 
where α and β are two unknown parameters to be calibrated through the best-
fit analysis, with the objective of minimising the difference between the predicted 
results and experimental data. In Equation 3.6, the clear cover thickness, C, is in 
millimetres and is normalised with respect to 10 mm cover thickness for easy 
mathematical operation. Two representatives of the thickness for the porous band can 
be used in the calibration of Equation 3.6: the maximum porous band thickness and 
the equivalent uniform porous band thickness. As Figure 3.33 indicates, there is a 
strong linear correlation between these two thicknesses. Using this strong linear 
relationship, by knowing one, the other one can be calculated.  
Several indices on the ‘goodness of fit’ can be used to find the parameters α 
and β that yield the lowest scatter between the experimental and predicted thicknesses 
of the porous band. In this paper, using the MATLAB program (2017), the mean 
square error (MSE) method is employed. According to the MSE method, the mean 
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square error—the difference between the model and experimental values—is 
minimised. Using the calibration procedure, the best-fit models for the maximum and 
equivalent uniform porous band thicknesses are evaluated (see Figure 3.35). 
 
 
Figure 3.35. Best-fit models for the maximum and equivalent uniform porous band 
thicknesses. 
 
As measured by the coefficient of determination, R2, Figure 3.35 shows that 
the calibrated model for the equivalent uniform thickness of porous band better fits the 
experimental data than that for the maximum thickness of the porous band. In Table 
3.5, the performance of the proposed models in the prediction of the thickness of the 
porous band is summarised. The model error used to assess the performance of the 
predictive models is the ratio of the experimental to the model values for the thickness 
of the porous band. 
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Table 3.5 
Performance Of The Proposed Model For The Prediction Of Thickness Of Porous 
Band 
w/c C (mm) (d0,max)test (d0,max)model  (d̅0)test (d̅0)model  
0.40 20 24.30 20.26 1.20 15.02 13.01 1.15 
0.40 20 26.50 20.26 1.31 12.56 13.01 0.97 
0.40 30 35.90 30.40 1.18 21.93 19.52 1.12 
0.40 30 32.90 30.40 1.08 20.43 19.52 1.05 
0.45 20 39.20 34.48 1.14 21.28 19.73 1.08 
0.45 20 19.30 34.48 0.56 12.33 19.73 0.63 
0.45 30 47.90 51.72 0.93 26.51 29.60 0.90 
0.45 30 39.90 51.72 0.77 28.33 29.60 0.96 
0.50 20 54.60 55.47 0.98 26.83 28.64 0.94 
0.50 20 42.15 55.47 0.76 31.09 28.64 1.09 
0.50 30 62.00 83.21 0.75 33.70 42.96 0.78 
0.50 30 120.00 83.21 1.44 53.97 42.96 1.26 
Mean    1.01   0.99 
Standard deviation   0.26   0.17 
 
The ratio of the experimental-to-predicted values for both the maximum and 
equivalent uniform thickness of the porous band is approximately 1.0. However, the 
predictive model for the equivalent uniform porous band thickness shows a lower 
standard deviation. This is expected, as this model provides a better fit to the 
experimental data (see Figure 3.34). 
Fitting distribution function f(θ). According to Equation 3.5, the f(θ) function 
relates to the distribution of the porous band. As discussed, the g function in Equation 
3.5 can represent either the maximum or equivalent uniform thickness of the porous 
band. In the case of using the equivalent uniform thickness, a factor converting the 
uniform to maximum thickness (see Figure 3.33) should be used. In this section, the 
maximum thickness of the porous band will be used for calibration of the distribution 
function. Therefore, the f(θ) can be formulated as: 
 
 
0, test
0, model
max
max
d
d
 
 
0 test
0 model
d
d
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𝑓(𝜃) =
𝑑0(
𝑤
𝑐 ,   𝐶,   𝜃)
𝑑0,𝑚𝑎𝑥
 (3.7) 
With this arrangement, all measured porous band thicknesses around the steel 
bar can be used for the calibration of f(θ) function. The results in Figure 3.30 indicate 
that the maximum porous band thickness occurs near the bottom part of the steel bar 
(i.e., at θ = 0 where f(θ) = 1) and the minimum thickness occurs near the top of the 
steel bar (i.e., θ = ±π). Further, it is logical to assume that the distribution of thickness 
of the porous band is an even function (i.e., f(-θ) = f(θ)), and this can be observed in 
Figure 3.30(a). Given these assumptions for f(θ), the following functions possessing 
all the abovementioned properties can be considered: 
 (3.8a) 
 (3.8b) 
 (3.8c) 
The γ parameter is the only parameter that needs to be calculated using the best-
fitting process based on the MSE method. It is worth noting that the linear function in 
Equation 3.8a is the first-order expansion of the exponential function of Equation 3.8b 
at θ = 0 point. In Figure 3.36, results of the best-fit analysis for all considered models 
in Equations 3.8(a–c) are shown. It can be observed that the exponential function with 
the absolute term (Equation 3.8b) is the best performing function. It seems that the 
Gaussian function (Equation3.8c), which possesses two inflection points in the [-π, π] 
region is not appropriate, as the distribution of the experimental data does not show 
changes in the curvature.  
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Figure 3.36. Best-fit models for distribution function f(θ). 
Note: = 0 corresponds to the bottom of the steel bar. 
 
3.5.3 Comparison of proposed models 
For comparison, the fitted functions can now be used to calculate an equivalent 
uniform thickness as per Equation 3.4. It should be noted that as the f(θ) is the 
normalised d0(θ) with respect to the maximum thickness of the porous band, d0,max, the 
resulting equivalent uniform value shows the d̅0/d0,max ratio. This equivalent thickness 
can then be compared with the result shown in Figure 3.33, where d̅0 =0.5228d0,max. In 
Table 3.6, the d̅0/d0,max ratio for all the fitted functions is shown. 
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Table 3.6 
 d̅0/d0,max Ratio For The Fitted Models Of f(θ) 
Function d̅0/d0,max formulation 
d̅0/d0,max 
value 
  0.6199 
  0.5877 
  0.7148 
 
The best-fitted exponential function with the absolute term provides the closest 
result to the 0.5228 ratios, as shown in Figure 3.37, with just about 12 per cent 
difference. A graphical summary of the fitted functions in the polar coordinate is 
shown in Figure 3.37. 
 
 
Figure 3.37. Best-fit models for f(θ) function in the polar coordinates. 
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Considering the three angular functions used in the preceding section, three 
models can be proposed for evaluation of the porous band thickness. The final 
calibrated models with both the material part (g function, which represents d0,max as a 
function of w/c and C) and distribution part (f function) can be summarised as: 
𝑑0 (
𝑤
𝑐
, 𝐶, 𝜃) = [633.3 (
𝐶
10
) (𝑤/𝑐)4.513] [1 − 0.7601 |
𝜃
𝜋
|] (3.9a) 
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, 𝐶, 𝜃) = [633.3 (
𝐶
10
) (𝑤/𝑐)4.513] [−1.177 |
𝜃
𝜋
|] (3.9b) 
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𝐶
10
) (𝑤/𝑐)4.513] [exp (−1.681(
𝜃
𝜋
)
2
)] (3.9c) 
where the cover C is in millimetres and d0 is in micrometres. Further, the angle 
θ, which ranges from –π to π, should be in radians with reference to the bottom of the 
steel bar. In the experimental program conducted in this study, these are all the 
measurements for the thickness of the porous band.  
In Figure 3.38, a comparison of the accuracy of the proposed models is shown. 
In this figure, the mean and standard deviation of the ratio of test-to-model values (i.e., 
the model error) are shown. With a standard deviation of 0.32 for the model error, the 
exponential model with the absolute term (Equation [3.9b]) outperforms the other two 
models. This is consistent with the preceding discussion and analysis. 
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Figure 3.38. Statistics of the model error, d0 [model]/d0 [test]. 
 
3.5.4 Application of proposed model 
It is widely acknowledged that corrosion products fill the porous band before the time 
to cover cracking. The amount of corrosion products at the porous band can affect the 
time to cover cracking. As a service life indicator, the time to cover cracking can be 
expressed as (Chen et al., 2018a): 
0cr i ct t t t    (3.10) 
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where tcr is the critical time to crack initiation, ti is the corrosion initiation time, 
t0 is the time for corrosion products to fill the porous band at the steel–concrete 
interface, and tc is the time required after the porous band is filled until a visible crack 
appears on the concrete surface. Equation 3.10 indicates that the increase in time t0 
prolongs the service life of corrosion-affected reinforced concrete structures. In this 
scene, a larger porous band thickness, which leads to a larger t0, has a positive effect 
on the service life of corrosion-affected structures. Therefore, accurately predicting the 
amount of the corrosion products that have accumulated at the porous band can 
improve the accuracy of the prediction of time to cover cracking. Based on the 
calibrated models presented in the preceding sections, the amount of the corrosion 
products V0 (volume per unit length) that deposit at the porous band can be calculated 
by: 
𝑉0 = [
𝐷
2
]∫ 𝑑0(
𝑤
𝑐
, 𝐶, 𝜃)𝑑𝜃
𝜋
−𝜋
 (3.11) 
where D is the diameter of steel rebar, and d0(w/c, C, θ) function can be 
calculated using one of the three expressions shown in Equations 3.9 (a–c). In this case, 
Equation 3.9b was used. To investigate the influence of the porous band on time to 
cover cracking, the rate of corrosion products production is written as (Liu & Weyers, 
1998): 
𝑑𝑀𝑟
𝑑𝑡
=
𝑘
𝑀𝑟
 (3.12a) 
𝑘 = 0.105 × (
1
𝛼
)𝜋𝐷𝑖𝑐𝑜𝑟𝑟 (3.12b) 
where 𝑀𝑟 is the mass of the produced corrosion products due to corrosion in 
milligram, k is related to the rate of mass loss and experimentally investigated by Liu 
and Weyers (1998), α is expressed by the molecular weight of steel divided by 
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molecular weight of rust and varies from 0.523 to 0.622, D is the diameter of the steel 
rebar in millimetre and icorr is the corrosion current density in μA/cm2. The time (in 
years) needed for the corrosion products to fill the porous band can be calculated by: 
   
2 2
0 0
0
2 2 0.105 (1/ )
rust rust
corr
V V
t
k Di
 
 
 
   
(3.13) 
The time t0 is affected by the corrosion current density icorr and the volume of 
porous band V0 at the steel–concrete interface. 
To investigate the influence of the porous band within various concrete mixes 
on time t0, as a case study, parameters ρrust = 3.6 mg/mm3, D = 16 mm, α = 0.523 were 
used. Three different concrete mixes are assumed: w/c = 0.50, 0.45, and 0.40, with two 
different cover thicknesses, 20 mm and 30 mm, respectively. The results are shown in 
Figure 3.39. It can be observed that porous band around the steel bar has a significant 
impact on the time to cover cracking due to corrosion. 
 
 
Figure 3.39. Influence of porous band on time to cover cracking. 
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For low corrosion current densities, the effect of the porous band on time to 
cover cracking is more prominent. With the corrosion current density of 0.10 μA/cm2, 
for example, when the cover thickness is 30 mm, concrete with 0.5 w/c ratio prolongs 
the t0 time by more than 30 years compared to concrete with a 0.4 w/c ratio. The results 
partly explain why some experimental data of time to cover cracking that samples with 
high w/c ratio, which is expected to have poor quality and relatively shorter time to 
cover cracking, turned out to have a longer time to cover cracking (Vu et al., 2005). 
The results in Figure 3.39 also show that the corrosion current density significantly 
affects the time needed to fill the porous band. For most practical cases, the corrosion 
current density ranges from 0.10–1.0 µmA/cm2 in the field (Andrade & Alonso, 2001; 
Broomfield, 2002). 
It should be noted that the porous band affects not only the time to cover 
cracking, but also the corrosion initiation process. The thick concrete cover helps delay 
the ingress of aggressive ions such as chloride and carbon dioxide more effectively 
than a thinner cover. Even though a thin cover resulting in a larger porous band can 
prolong the crack initiation due to corrosion, it also reduces protection from aggressive 
ions, accelerating the ingress of the aggressive ions. This opposite effect should be 
carefully considered, and a balance should be struck when designing concrete mixes. 
3.6 Summary 
A reliable and accurate method for quantifying the geometry of porous bands at the 
interface between steel and concrete using the BSE imaging technique has been 
presented. Details of the preparation procedures of reinforced concrete samples have 
been provided with a view to reducing the damage to samples and deformation of steel 
during grinding and polishing processes. A new method for greyscale thresholding of 
the porous band at the interface has been developed to obtain a reliable threshold value 
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for the porous band at the interface. Variations of the porous band at the steel–concrete 
interface around the perimeter of the steel bar and along the steel bar have been 
investigated quantitatively. The effect of concrete design parameters—namely w/c 
ratio, concrete cover thickness and aggregate size—on the microstructure of the steel–
concrete interface has also been systematically investigated. This chapter has also 
proposed models for the description of the non-uniform porous band at the steel–
concrete interface, including concrete mix design parameters such as w/c ratio and 
cover thickness. 
From the analysis of the BSE images, it has been found that the thickness of 
the porous band at the steel–concrete interface is not uniform around the steel bar. 
Further, the porous band at the bottom area of the steel bar is larger than that at the top 
area in the direction of compaction. The variation of porous band thickness along the 
steel bar is not significant. It has been discovered that both w/c ratio and concrete cover 
can significantly affect the thickness of the porous band at the steel–concrete interface 
proportionally and that the effect of aggregate size on the microstructure of the steel–
concrete interface appears not to follow a clear trend. Also, it has been found that the 
casting direction significantly affects the distribution of the porous band. With the 
application of the proposed model for porous band distribution on the corrosion-
induced time to cover cracking, it has been found that the impact of the porous band 
on time to cover cracking is significant. It can be concluded that the developed models 
for the porous band around the steel–concrete interface can contribute to more accurate 
predictions of corrosion-induced cracking of reinforced concrete.  
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Chapter 4: Quantification of Corrosion Layer at the Steel–
Concrete Interface 
4.1 Introduction 
Extensive research has been conducted to investigate the expansive behaviour of 
corrosion products in reinforced concrete (Ouglova et al., 2006; Vera, Villarroel, 
Carvajal, Vera & Ortiz, 2009; Wong et al., 2010). Models, both analytical and 
numerical, have been developed to evaluate expansive stress due to corrosion products 
(Du & Jin, 2014; Fu et al., 2018; Shodja, Kiani & Hashemian, 2010; Xia et al., 2011) 
and predict the subsequent cracking of concrete (Bhargava et al., 2006; Chernin et al., 
2010; Li et al., 2005; Li et al., 2006; Li & Yang, 2011; Li, Yang & Melchers 2008; 
Liu & Weyers 1998). Almost all such models depend on the amount of corrosion 
products that produce the pressure. However, few experimental data on the amount of 
corrosion products are available for use in these models, in particular, the quantitative 
data (e.g., the thickness and growth of corrosion products). This is despite the fact that 
corrosion products are a fundamental factor used in these models for prediction of 
reinforced concrete cracking. 
Andrade et al. (1993) investigated the relationship between the degree of 
corrosion, as measured by the cross-section loss of steel bar, and corrosion-induced 
cracks. Instead of measuring the amount of corrosion products, the reduction of steel 
bar cross-section was examined. However, it is the corrosion layer around the steel bar 
that produces concrete cracking. Direct measurement of the thickness of the layer of 
corrosion products would be more accurate and convincing than the theoretical 
thickness of the layer derived from the cross-section loss of steel using Pilling–
Bedworth ratios of corrosion products. This is the ratio of the volume of the metal 
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oxide to the volume of the corresponding metal. Lim et al. (2017) observed the 
corrosion of steel and crack width using X-ray photography. The corrosion of steel 
along the steel bar was quantified by measuring the reduction of the size of the steel 
bar based on X-ray images. Though a linear relationship was found between steel 
corrosion and crack width, there is no direct correlation between corrosion products 
and corresponding size reduction of the steel bar and subsequent crack width of 
concrete. Thus, accurate determination of the thickness of the corrosion product layer 
is vital to the prediction of expansive internal stress caused by corrosion products. 
In this chapter, an innovative experiment was designed to quantify the 
distribution and growth of corrosion products at the steel–concrete interface in 
reinforced concrete. Three w/c ratios and two cover thicknesses were used to study the 
impact of the microstructure of the steel–concrete interface on corrosion products. The 
thickness of the corrosion products layer at the steel–concrete interface was measured 
accurately with a statistically significant number of samples, and with BSE imaging, 
which is more advanced than an optical microscope. The growth of the corrosion 
products layer was examined and measured at designated corrosion periods. The 
measured thickness of the corrosion products layer was verified with Faraday’s law. 
A mathematical model was developed for prediction of the non-uniform distribution 
and growth of the corrosion layer. Finally, the corrosion penetration in cement paste 
at the steel–concrete interface was investigated quantitatively. 
4.2 Experimental Program 
To quantify the corrosion layer at the steel–concrete interface with high accuracy, an 
innovative experiment was designed to investigate the corrosion of steel in reinforced 
concrete with various mix designs. The impressed current was employed to induce the 
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steel corrosion with controlled intensity. Using BSE microscopy, the corrosion layer 
at the steel–concrete interface was quantitatively examined. 
4.2.1 Design of test specimen 
Concrete specimens of 150 mm × 150 mm × 150 mm were cast for corrosion tests. A 
low-carbon ribbed steel bar of 16 mm in diameter and 160 mm in length was used. The 
steel bars were pre-treated with distilled white vinegar to remove the mill scale and 
carefully examined prior to the concrete casting. Two cover thicknesses of 20 mm and 
30 mm were selected. The steel bar was placed in the concrete cube, as shown in Figure 
4.1. Three different w/c ratios of concrete mix, as shown in Table 4.1, were used to 
investigate the influence of the w/c ratio on the distribution and growth of corrosion 
products. 
The cement used in this experiment was ordinary Portland cement. Single-
sized normal-weight limestone coarse aggregates (14 mm) and medium-grading river 
sand (< 0.75 mm) were used. No mineral additives and chemical superplasticisers were 
used in this experiment, as supplementary cementitious additives like silica fumes and 
fly ash significantly affect the consistency of cement paste and the slump of concrete. 
They also affect the steel–concrete interface considerably (Ma et al., 2014). All 
specimens were compacted for 10 seconds on the vibration table and water-cured for 
28 days before compressive strength test, according to Australian Standard AS 1012. 
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Figure 4.1. Schematic of test specimen showing the steel bar arrangement. 
 
Table 4.1 
Mix Designs Of Concrete Specimens 
Number 
w/c 
ratio 
Cover 
Coarse 
aggregate  
Sand  Cement Slump 
Compressive 
strength 
 - mm kg kg kg mm MPa 
AI-20 0.40 20 775.7 779.1 542.9 110 40.95 
AI-30 0.40 30 775.7 779.1 542.9 110 40.95 
AII-20 0.45 20 775.7 829.2 485.1 110 35.45 
AII-30 0.45 30 775.7 829.2 485.1 110 35.45 
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AIII-20 0.50 20 775.7 884.8 422.2 120 30.85 
AIII-30 0.50 30 775.7 884.8 422.2 120 30.85 
 
4.2.2 Corrosion test 
To induce corrosion within a reasonable period, an accelerated corrosion rate of 
200 µA/cm2 was used for all corrosion specimens in this study. It should be noted that 
different corrosion rates lead to different amounts of corrosion products for a certain 
period, which leads to differences in time to cover cracking. Various corrosion rates 
have been used in laboratory studies (Alonso et al., 1998; Andrade et al., 1993; El 
Maaddawy & Soudki, 2003; Vu et al., 2005). However, since the main aim of this 
study is to quantify the thickness distribution of the corrosion layer and investigate the 
influences of different concrete design parameters on corrosion layer for a given 
corrosion condition, 200 µA/cm² is considered an optimal corrosion rate to achieve 
this aim in laboratory tests. 
The layout of the accelerated corrosion circuit and the experimental set-up are 
shown in Figure 4.2. Before applying the current, all specimens were immersed in a 
30 g/L NaCl solution for three days. Direct current was applied by a current generator 
and kept constant through a current regulator. The bottom half of the specimen was 
immersed in a 3% NaCl solution, and two sides were attached with damp sponges 
providing moisture to ensure humidity for the corrosion process. The steel bar served 
as an anode and was connected to the positive electrode of the current generator. Two 
pieces of copper sheets half-submerged in the 3% NaCl solution acted as the cathode, 
which was connected to the negative pole of the current generator. 
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Figure 4.2. Experimental set-ups of corrosion test. 
 
To investigate the growth of corrosion products with time, samples 10 mm 
thick were sliced from the specimens at regular intervals of seven days during 
corrosion, as shown in Figure 4.3. Three samples at 7, 14 and 21 days were sliced 
successively from each corroded specimen. To mark the distribution of the corrosion 
products around the steel bar, an angular coordinate was used for angle locations, as 
depicted in Figure 4.3. According to the casting direction, the lowest point at the 
bottom of the steel bar is marked as 180°. In the accelerated corrosion test, the concrete 
specimen was flipped upside down to keep the steel bar above the surface of the NaCl 
solution. Thus, the point marked 180° is at the side of the air-exposed concrete surface. 
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Figure 4.3. Corroded sliced samples with different corrosion periods. 
 
4.2.3 Measurement of corrosion layer 
Sliced samples were dried immediately with paper towels to avoid further corrosion 
of the exposed bar. One surface of the sample was sealed with epoxy resin, leaving the 
other surfaces for the following epoxy impregnation and microscope test. With one 
surface hardened, resin-sealed samples were carefully cut with a diamond saw into a 
smaller-size fit for the scanning electron microscope. In this way, the corrosion 
products at the steel–concrete interface and the cracks induced by corrosion were free 
from the disturbance of cutting because of the pre-sealing of epoxy resin. The 
sectioning was done at least 5 mm from the steel bar to minimise any possible 
disturbance to the steel–concrete interface. The sectioned samples were then placed 
into moulds 38 mm in diameter and further impregnated with a low viscosity epoxy 
under a vacuum condition for 20 minutes, until all the pores, voids and cracks were 
filled. The samples were then left hardening for 24 hours and one hour, drying at 60°C. 
After hardening and drying, the samples were ground with SiC papers at 220 and 500 
grit sizes and polished with non-aqueous solutions with diamond particles of 9 μm, 
3 μm and 1 μm, respectively using an automatic polisher with controlled pressing force 
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and time. Examples of prepared samples are shown in Figure 4.4. More technical 
information related to sample preparation is available in Chen et al. (2018). 
 
 
Figure 4.4. Typical samples for microstructure observation (after carbon-coating). 
 
The microstructure at the steel–concrete interface was observed with a field-
emission scanning electron microscope (the FEI Quanta200) in BSE mode in high 
vacuum condition (30 eV). All samples were carbon-coated in a vacuum-coating 
container immediately after they were polished and dried. The observation was made 
on the polished surface starting from the top point of the steel (0°) and measured anti-
clockwise along the steel–concrete interface. At least 20 BSE images were obtained 
around the steel–concrete interface for each sample to ensure statistical significance. 
The main objective was to investigate the steel–concrete interface, where corrosion 
products grow and accumulate, and the thickness and distribution of corrosion 
products layer around the steel bar. 
BSE images with individual greyscale levels for each phase in concrete can be 
used for quantitative identification of the steel–concrete interface (Diamond, 2001; 
Head & Buenfeld, 2006; Scrivener & Pratt, 1996). By counting the pixel numbers in 
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the specific greyscale range, the area percentage and size of each phase can be 
determined. A typical BSE image at the steel–concrete interface is shown in Figure 
4.5(a). The greyscale range of corrosion products is chosen from 150 to 240 for all 
BSE images in this study to ensure the thresholding process was consistent. In this 
greyscale range of 150 to 240, the unhydrated cement paste was also included, the 
greyscale of which usually ranges around 140–200 (Chen et al., 2018b; Wong et al., 
2006b). In Figure 4.5(b), the red-highlighted area is the corrosion layer and the small 
scattered red spots in concrete are the unhydrated cement pastes. While the corrosion 
products and unhydrated cement paste have a close greyscale range, it is evident that 
corrosion products and unhydrated cement paste in concrete can easily be separated 
from other phases in the image within the threshold range used. It should be noted that 
the unhydrated cement paste close to corrosion products is not included when 
measuring the thickness of the layer of the corrosion products. 
Some corrosion layers at the interface in BSE images are not even. To ensure 
that a representative result was obtained from each BSE image, Student’s t-test was 
employed to confirm the thickness measurement reached a statistical significance. 
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(a) BSE image of the steel–concrete 
interface before thresholding 
(b) BSE image of the steel–concrete 
interface after thresholding 
Figure 4.5. BSE image thresholding. 
 
4.3 Quantification of the Corrosion Layer 
The porous band at the steel–concrete interface where corrosion occurs is known to be 
non-uniform because of the spatial variability caused by inhomogeneity, casting 
direction and other factors (Angst et al., 2017; Castel et al., 2003; Chen et al., 2018a; 
Söylev & François, 2003). This non-uniform porous band makes corrosion vary 
spatially (Shi & Ming, 2017). Although it has been acknowledged that corrosion 
products are non-uniformly distributed around the steel because aggressive agents like 
chloride and carbon dioxide often ingress from the side exposed to the harmful 
environment, limited experimental data on the spatial variations of corrosion products 
at the steel–concrete interface have been reported, which hinders the accuracy of the 
predictive models (Chen et al., 2018; Li et al., 2006). 
In this section, the deposition of the corrosion products at the porous band was 
investigated. The distribution of the corrosion layer around the steel bar was observed. 
Further, the effects of w/c ratio and cover thickness on the thickness of the corrosion 
layer was quantified. 
4.3.1 Corrosion deposition at porous band 
The assumption that the corrosion products fill the porous band without causing 
expansion before inducing inner cracks has been widely acknowledged and applied in 
most of the predictive models for concrete cracking (Bhargava et al., 2006; Li et al., 
2006; Liu & Weyers, 1998; Yang et al., 2018). Interestingly, there is little experimental 
evidence in the literature to support this assumption. To investigate the veracity of this 
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phenomenon, this chapter examines the porous band at the steel–concrete before and 
after the corrosion test. 
Figure 4.6 shows the BSE images of the porous band at the steel–concrete 
interface before corrosion (see Figure 4.6[a–b]) and the images of the corrosion 
products at the porous band after corrosion (see Figure 4.6[c–d]). All images in Figure 
4.6 were obtained from the samples from the same concrete specimen (AII-20). The 
corroded sample with seven days’ corrosion (in Figure 4.6[c–d]) was obtained before 
the time to cover cracking. 
Both the top and bottom sides of the steel–concrete interface were observed. 
Figure 4.6(c–d) shows that the porous band was non-uniformly distributed, with small 
thickness at the top and large thickness at the bottom. After corrosion, it can be 
observed from Figure 4.6(c) that the corrosion products fill the porous band, as both 
porous and the corrosion products can be observed in the same image. Figure 4.6(d) 
shows the corrosion products at the bottom side of the steel, where the corrosion is 
significantly more prominent than it is at the top side of the steel. In Figure 4.6(d), it 
can be observed that the corrosion products fully fill the porous band (dcorr = d0) at 
some localities, where the boundary between the corrosion layer and cement paste is 
easy to identify. It is worth mentioning that the porous band in Figure 4.6(d) is not the 
original porous band (i.e., the porous band in Figure 4.6[d]), as the cross-section of 
steel bar reduces during the corrosion process. At some other locations in Figure 
4.6(d), the porous band is not fully filled yet by the corrosion products, as a gap can 
be observed between the corrosion layer and cement paste. 
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(a) Porous band at the top side of the 
steel bar before corrosion 
(b) Porous band at the bottom side of 
the steel bar before corrosion 
  
(c) Corrosion products at the top side of 
the steel bar 
(d) Corrosion products at the bottom 
side of the steel bar 
Figure 4.6. The deposition of corrosion products at the porous band during crack 
initiation (sample AII-20). 
 
By comparing Figures 4.6(a) and (c) (or Figure. 4.6[b] and [d]), the free 
expansion process of the corrosion products at the porous band can be found, as the 
porous bands are not fully filled by corrosion products. Thus, it provides evidence for 
the assumption that corrosion products deposit at the porous band at crack initiation, 
which has been widely used in the literature. Also, Figure 4.6 demonstrates that the 
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non-uniformity of the corrosion layer exhibits in the same way as the porous band does 
(i.e., small at the top side and large at the bottom side of the steel bar). The cause of 
the non-uniform corrosion layer is strongly dependent on the porous band of the steel 
bar. Therefore, the random occurrence of corrosion at the steel surface is dictated by 
the occurrence of the porous band at the steel surface. 
4.3.2 Distribution of corrosion products 
Figure 4.7 shows the distribution of corrosion products around the steel bar from 
sample AIII-20 after 14 days of corrosion. Figure 4.7(a) is the location at 0°, which is 
the top point according to casting direction and the point close to the immersed side of 
concrete during the corrosion test. The thickness of corrosion products at the top point 
(see Figure 4.7[a]) is 84.6 µm, which is the minimum value in this sample. Figures 
4.7(a) and 4.7(b) show that there are gaps at the steel–concrete interface, which are not 
fully filled with corrosion products after 14 days of corrosion. These gaps might be 
produced by micro-cracking due to expansion of corrosion products that crack the 
steel–concrete interface, but not due to the original porous band formed by micro-
bleeding and the wall effect. With the existence of newly formed gaps at the steel–
concrete interface, expansion stress could be reduced until these gaps are filled by 
corrosion products. 
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Figure 4.7. The corrosion products around the steel bar (sample AIII-20, 14 days’ 
corrosion). 
 
Figure 4.7(c) is the bottom point of the steel bar according to the casting 
direction. It is the side close to the surface exposed to the air in the corrosion test. The 
maximum thickness of the layer of corrosion products is 667.2 µm at the bottom point, 
which is nearly eight times thicker than the minimum thickness. At this location, all 
the porous area at the interface is fully filled with corrosion products. The surface side 
is exposed to air, which increases the growth of corrosion products at this side and 
results in a thicker corrosion layer. Also, the surface side of the steel bar is the area of 
a larger porous band, and more oxygen and moisture are available. This also results in 
a higher rate of corrosion on the side of the steel bar. 
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It is worth noting that the non-uniform distribution of the corrosion products 
around the steel bar found in this study contradicts the hypothesis that impressed 
current induces uniform corrosion distribution, which has been widely assumed. This 
discrepancy can be explained by considering the microstructure of the steel–concrete 
interface. The non-uniform distribution of the corrosion products around the steel bar 
observed in this study appears to be consistent with that of the porous band around the 
steel bar investigated in authors’ previous study (Chen et al., 2018b). The porous band 
at the steel–concrete interface is affected mainly by inhomogeneity and casting 
direction, leading to its uneven distribution of around the steel bar (Angst et al., 2017; 
Söylev & François, 2005), as shown in Figure 4.8. The bottom side of the steel bar is 
more porous than the top side. Moreover, the bottom side is the side exposed to the air; 
thus, more oxygen will be available at this side for corrosion to progress. The 
difference in oxygen supply around the steel bar contributes to the non-uniform 
distribution of corrosion products. Naturally, the non-uniform porous band would 
result in a non-uniform layer of corrosion products in a similar manner as can be 
observed in Figure 4.7. 
 
 
Figure 4.8. Porous band and corrosion layer distribution. 
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4.3.3 Effect of water-to-cement ratio 
The BSE images of samples AI-30, AII-30 and AIII-30 after 14 days’ corrosion are 
shown in Figure 4.9. In this figure, the minimum and maximum corrosion layers in 
each sample are presented. It is apparent that all minimums appear around the location 
of 0° while all maximums occur around the location of 180°, which is the side to the 
exposed surface. The results further confirm the non-uniform distribution of the 
corrosion products around the steel. It is clear that a low w/c ratio leads to a thinner 
corrosion layer at its minimum. For example, the minimum thickness of 0.40 w/c ratio 
is 21.7 µm, while those of 0.45 w/c ratio and 0.5 w/c ratio are 119.5 µm and 126.9 µm, 
respectively. Conversely, an increase in w/c ratio causes the increase in the thickness 
of corrosion products at its maximum. As shown in Figure 4.9, the maximum thickness 
of the corrosion products in the sample of 0.40 ratio is 365.9 µm, while that of the 
sample of 0.5 w/c ratio is 478.7 µm, increasing by 11.7 per cent. 
 
  w/c = 0.40 w/c = 0.45 w/c = 0.50 
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Figure 4.9. BSE images of minimums and maximums of corrosion layer (samples 
of AI-30, AII-30 and AIII-30, 14 days’ corrosion). 
 
Figure 4.10 also presents the influence of w/c ratio on the thickness variation 
of corrosion products around the steel bar. It indicates that high w/c ratio leads to a 
thicker corrosion layer around the entire steel bar and the corrosion products tend to 
grow faster at the bottom area of the steel bar, leading to the non-uniform distribution. 
 
Figure 4.10. Variation of the corrosion layer around the steel bar (samples of AI-30, 
AII-30 and AIII-30, 14 days’ corrosion). 
 
Again, the results in Figures 4.9 and 4.10 are consistent with those of the 
porous band (Chen et al., 2018b). The investigation of the porous band shows that high 
w/c ratio increases the size of the porous band, leading to a more porous area around 
the steel–concrete interface. In this study, the corrosion products at the steel–concrete 
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interface show the same trend, indicating that the microstructure at the steel–concrete 
interface is the primary factor affecting the amount and distribution of corrosion 
products. 
4.3.4 Effect of cover thickness 
Figure 4.11 shows the BSE images of the minimum and maximum thickness of the 
layers of corrosion products from samples AI-20 and AI-30 after 14 days’ corrosion. 
It can be observed that with a smaller cover thickness of 20 mm, there are nearly no 
corrosion products around the location about 30°. In the sample of 30 mm concrete 
cover, the corrosion layer is 21.7 µm at its minimum, and part of the porous band is 
still not filled. The difference between the maximum and minimum thickness of the 
corrosion layer in the sample with a smaller concrete cover is more significant than 
that of the sample with 30 mm concrete cover. 
However, at the maximum location, the 20 mm cover sample has a corrosion 
layer of 411.2 µm, thicker than that of 30 mm cover sample, which is 365.9 µm. It is 
because the 20 mm cover samples cracked earlier than 30 mm cover samples did in 
this experiment. It is reasonable to assume that with the same corrosion intensity, the 
lower the concrete cover, the sooner the concrete surface cracking will be. Therefore, 
the newly formed cracks in the samples of 20 mm cover might be the cause of the 
accelerated corrosion process at the surface side of the corroded steel bar due to the 
early exposure to air. Thus, as shown in Figure 4.10, the sample with 20 mm cover 
presents a larger maximum thickness. 
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Figure 4.11. Effect of cover thickness on corrosion layer thickness (samples of AI-
20 and AI-30 after 14 days’ corrosion). 
 
Figure 4.12 presents the maximum thicknesses of corrosion products for all 
samples with different w/c ratios and cover thicknesses after 14 days’ corrosion. For 
the small concrete cover of 20 mm, the maximum thickness increases almost linearly 
with the increase of w/c ratio. For specimens of 30 mm concrete cover, a similar trend 
can also be identified, although more flatly. Comparing samples with the same w/c 
ratio, in the same corrosion period, specimens of 20 mm cover exhibit a larger 
maximum thickness of corrosion products than that of 30 mm cover specimens. Also, 
the increase in maximum thickness with w/c ratio for the specimens of 20 mm cover 
is more significant than that for 30 mm cover specimens. 
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Understandably, samples with higher w/c ratio possess relatively higher 
porosity, both in bulk concrete and at the steel–concrete interface. The high porosity 
and available space at the steel–concrete interface provide the corrosion process with 
more oxygen and moisture supplies, making it easier for corrosion products to grow. 
For the effect of cover thickness, as explained previously, one of the reasons is 
that the early cracking in the samples of 20 mm cover provide corrosion of steel with 
more oxygen and moisture at the steel–concrete interface. This accelerates the 
corrosion process and leads to an increase in the growth of corrosion products. 
 
 
Figure 4.12. Maximum thickness of corrosion products after 14 days’ corrosion. 
 
To quantify the influence of both w/c ratio and cover thickness on the 
distribution of corrosion products around the entire steel bar, the equivalent uniform 
thickness is proposed in this study (see Figure 4.13). This represents the degree of the 
corrosion. The equivalent uniform distribution of corrosion products can be obtained 
from the measured data around the steel bar based on equal volumes. As shown in 
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Figure 4.13, the area under the measured thickness of the corrosion layer (ds) is equal 
to that of the equivalent rectangle under the ds’ line. 
 
 
Figure 4.13. Variation of corrosion layer thickness and equivalent uniform 
thickness. 
 
Figure 4.14 indicates that the trend in the equivalent uniform thickness of the 
corrosion layer seems similar to the trend in the maximum thickness in Figure 4.12. 
Further, Figure 4.14 clearly shows that high w/c ratio favours the corrosion process 
around the entire steel bar, leading to a large presence of corrosion products at the 
steel–concrete interface. The influence of w/c ratio on the amount of corrosion 
products is more evident in samples with 20 mm cover than it is in samples of 30 mm 
cover. For samples of 20 mm cover, the equivalent uniform thickness increases from 
150.1 µm with a w/c ratio of 0.40 to 249.8 µm with a w/c ratio of 0.45, increasing by 
65.9 per cent. However, the thickness increases only by 0.56 per cent when w/c ratio 
increases from 0.45 to 0.50. The influence of w/c ratio on the amount of corrosion 
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products can be neglected when the w/c ratio is above 0.45. For the group of 30 mm 
cover specimens, the influence of w/c ratio becomes relatively less significant with 
only a slight increase. 
 
 
Figure 4.14. Equivalent thickness of corrosion products after 14 days’ corrosion. 
 
It is worth noting that in this study, even though all samples were placed in the 
same environmental conditions and the corrosion was induced by the direct current 
with the same intensity, the amount of corrosion products for each sample still varies. 
This can be mainly attributed to the microstructure at the steel–concrete interface. It 
highlights the importance of the microstructure of steel–concrete interface to the 
corrosion process in addition to the randomness of corrosion itself. This is another 
contribution of the present study. 
4.4 Growth of Corrosion Layer 
Research has been conducted to model the non-uniformity of the corrosion layer at the 
steel–concrete interface over the past two decades (Fu et al., 2018; Jang & Oh, 2010; 
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Xi et al., 2018; Yuan & Ji, 2009; Zhao et al., 2016) because the non-uniformly 
distributed corrosion products have been widely recognised. Yuan and Ji (2009) 
proposed a half-elliptical model based on the observations of samples under artificial 
corrosion environments. Zhao et al. (2011, 2016) proposed a Gaussian model with 
parameters describing uniform level, non-uniform level and the spreading range of the 
non-uniformity. Xi et al. (2018) employed the von Mises model to describe corrosion 
layer distribution with improved performance on the prediction of corrosion layer 
thickness. These are attempts to model the distribution of the corrosion layer with 
reasonable accuracy. However, the growth of the corrosion layer over time has been 
ignored in all published models of corrosion layer distribution (Xi et al., 2018; Yuan 
& Ji, 2009; Zhao et al., 2016). 
In this section, the thickness of the corrosion layer at the steel–concrete 
interface was quantified during the corrosion test at different periods. The growth of 
the corrosion layer thickness was recorded. The change of corrosion products’ 
expansion rate with time was derived based on the quantitative results. A new time-
dependent model for the non-uniform distribution of the corrosion layer was developed. 
Further, after the time to cover cracking, the migration of corrosion products in cracks 
was also observed. 
4.4.1 Growth of corrosion products 
The thickness of the corrosion products layer was measured at a regular seven-day 
intervals (7, 14 and 21 days). Three sliced samples of 10 mm were cut successively at 
different times along the concrete specimen. An example of the growth of corrosion 
products in sample AIII-20 is shown in Figure 4.15. Therefore, the results gathered are 
comparable, regardless of the variation along the steel bar. Figure 4.15 shows the 
thinnest and thickest corrosion layers around the steel bar in the sample AIII-20 at days 
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7, 14 and 21, in which the formation of new cracks at the steel–concrete interface can 
also be observed. 
 
  7 days 14 days 21 days 
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Figure 4.15. BSE images of the growth of corrosion layer (sample of AIII-20 
observed on days 7, 14 and 21). 
 
On the seventh day, the corrosion layer at its thinnest fully filled the steel–
concrete interface, as depicted in Figure 4.15. However, on the 14th day, though the 
corrosion layer increased, the steel–concrete interface was not entirely filled by the 
corrosion products. On the 21st day, the thickness of the thinnest corrosion layer 
increased considerably. It also can be observed in Figure 4.15 that the cracks at the 
interface between steel and concrete widened during the cracking process. The 
expansion of the corrosion layer opens the steel–concrete interface and enlarges the 
crack. For example, the black area at the steel–concrete interface at the top of the steel 
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grew wider from 14–21 days. Therefore, a more porous area can also be observed at 
the location around 0° at the steel–concrete interface on the 21st day. 
In Figure 4.16, the non-uniform layer of corrosion products growing and 
penetrating the concrete around the whole steel bar is illustrated clearly. Figure 4.16 
shows that all the thinnest corrosion layers at three different corrosion periods appear 
at the locations around 0°, which is close to the immersed side of the concrete. The 
growth of the corrosion products can be clearly observed, at its thinnest, increasing 
from 66.3 µm on day 7 to 84.6 µm on day 14. and 261.3 µm on day 21. 
 
 
Figure 4.16. The growth and penetration of corrosion products (sample of AIII-20 
observed on the days 7, 14 and 21). 
 
Figure 4.16 shows that the maximum thickness still appears at the bottom side 
of the steel bar close to the exposed surface, and the corrosion products continue 
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growing with the corrosion process. The maximum thickness of the corrosion products 
increased from 622.0 µm on day 7 to 667 µm on day 14, and 982 µm on day 21. The 
increase in maximum thickness shows a big jump from day 14 to day 21, which 
indicates that the cracks induced by corrosion can significantly accelerate the corrosion 
process, as cracks open more paths and provide greater supplies of oxygen and 
moisture. It can also be observed that corrosion products at their maximum remain 
attached to the cement pastes. Figure 4.16 also indicates that the growth of the 
corrosion layer remains non-uniform around the steel bar throughout the corrosion 
process, and non-uniformity becomes more significant with the corrosion developing. 
Figure 4.17 presents the growth of corrosion products in samples of different 
w/c ratios, while Figure 4.17(a) shows the maximum thicknesses of the corrosion layer 
measured from the experiment. From Figure 4.17(a), it is clear (in all samples) that the 
increase in the maximum thickness of the corrosion layer after 14 days is more 
significant than that from 7–14 days. Also, the sample of 0.5 w/c ratio shows the largest 
maximum thickness of the corrosion layer at all times; the increase in its maximum 
thickness is larger than that of the other two samples. Compared with samples of 0.40 
and 0.45 w/c ratios, the rapid increase in the maximum thickness of corrosion products 
in the sample of 0.5 w/c ratio may be attributed to the high porosity and lower strength 
of the bulk concrete, coupled with the easy cracking process of concrete. 
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(a) Increase in maximum value of corrosion layer 
 
(b) Increase in equivalent uniform thickness of corrosion layer 
Figure 4.17. Growth of the corrosion layer. 
 
Figure 4.17(b) presents the equivalent uniform thickness converted from 
experimental data (see Figure 4.14) and shows the influence of the w/c ratio on the 
growth of corrosion products around the entire steel bar surface. The increase of the 
equivalent uniform thickness over time is as expected, and higher w/c ratio still leads 
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to a larger equivalent uniform thickness throughout the corrosion process. In the 
samples of 0.4 and 0.5 w/c, the corrosion grows faster in the second period (14–21 
days) than it does in the first period (7–14 days). This is mainly because of the 
occurrence of cracks, which introduce more water and oxygen and hence, accelerate 
the corrosion process. In the samples of 0.45 w/c, however, the cracks occurred during 
the first period (7–14 days), which results in a greater corrosion rate in the first period 
(i.e., higher slope compared with that of 0.4 and 0.5 w/c samples). The corrosion rate 
of 0.45 w/c samples remains almost constant after 14 days since the cracks had already 
occurred and no other prominent agents were present to accelerate the corrosion. Had 
the cracks of 0.45 w/c samples occurred in the second period (14–21 days), the same 
trend of three sets of samples in Figure 4.17(b) would be expected. However, it is well 
known that concrete cracking is a highly uncertain phenomenon, which means it can 
occur at random times. It may be noted that the corrosion rate (i.e., the slope of 0.45 
w/c samples) is in-between that of the 0.4 and 0.5 w/c samples, regardless of the 
random occurrence of cracks in 0.45 w/c samples. 
4.4.2 Expansion rate of corrosion products 
The experimental results on the thickness of corrosion products can be further 
compared with theoretical calculations based on Faraday’s law in Equation 2.15, as 
the corrosion rate used in this study is kept constant. From Equation 2.15, the 
theoretical uniform thickness of corrosion products can be calculated as: 
𝑑𝑠 =
𝑀𝐹𝑒𝑖𝑐𝑜𝑟𝑟𝑎𝑣
𝑧𝐹𝜌𝑠𝑡𝑒𝑒𝑙
𝑡 (4.1) 
where MFe=56 g/mol, z=2, F=96,500 C/mol, ρsteel is 7.86g/cm3, and icorr= 200 
µA/cm2 in this study and 𝑎𝑣 is the expansion rate of corrosion products, which ranges 
from two to six, and is assumed to be three in this case. As can be observed in Figure 
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4.14(b), the increase of the equivalent uniform thickness of the corrosion products 
around the entire steel bar is in reasonably good agreement with that of the theoretical 
uniform thickness of the corrosion layer. The variations of the experimental data 
provide evidence that the growth of corrosion products varies with the microstructure 
at the steel–concrete interface, as represented by w/c, even under the same 
environmental conditions and corrosion-inducing current. 
Using the experimental data, the theoretical expansion rate of corrosion 
products can be calculated by Faraday’s law, the results of which are displayed in 
Table 4.2. The expansion rate ranges from 1.80–3.90. It can also be observed that the 
expansion rate increases with the w/c ratio. This indicates that the high porosity of the 
concrete with high w/c ratio increases the oxidation of corrosion products, leading to 
a high-volume expansion. Further, the highest expansion rates in three different 
concrete mixes all appear in the first seven days of corrosion. The expansion rates then 
decrease. This suggests that the continuous growing corrosion layer hinders the 
oxidation process of the steel surface, resulting in a decrease in volume expansion rate. 
 
Table 4.2 
Expansion Rate Of Corrosion Products From Faradays’ Law (Vrust/Vsteel) 
Expansion rate of corrosion products 
(Vrust/Vsteel) 
w/c = 0.4 w/c = 0.45 w/c = 0.5 
7 days 2.64 3.49 3.90 
14 days 1.80 2.78 2.80 
21 days 2.10 2.37 2.96 
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As corrosion products are a mixture of various iron oxides and iron hydroxides, 
the oxidation of the corrosion products at the steel–concrete interface from the inner 
side to the outer side varies due to different available oxygen contents. It should be 
noted that the expansion rate derived in Table 4.2 represents the expansion rate of 
corrosion products as a mixture. The variation of the expansion rate at the different 
locations in the corrosion layer due to different oxidation levels is not considered. This 
will be addressed in Section 4.5.4. 
4.4.3 Model for the growth of corrosion layer 
Based on the observation of corrosion product distribution from the experiment, the 
corrosion layer exists in a similar form around the steel–concrete interface—like the 
porous band. Therefore, by considering its similarity with porous band, it is postulated 
that the thickness of the corrosion layer at the steel–concrete interface comprises two 
parts: the maximum thickness of the corrosion layer as a function of w/c ratio and time 
t in days, and the variation of the thickness around the steel–concrete interface as a 
function of angle 𝜃. The difference between the expression of the corrosion layer and 
porous band is that time t is included, as the corrosion layer increases with the 
corrosion process. It follows that the thickness of the corrosion layer can be 
mathematically expressed as: 
𝑑𝑠(𝜃) =  𝑓(𝑤/𝑐, 𝑡) ∙ 𝑔(𝜃) (4.2) 
where 𝑓(𝑤/𝑐, 𝑡) is the function of maximum thickness of the corrosion layer 
and 𝑔(𝜃) is the variation function of the thickness around the steel–concrete interface. 
In Equation 4.2, w/c is the water-to-cement ratio, t is time in days, and 𝜃 is the angle 
location in accordance with polar coordinates in Figure 4.9. Initial analysis of test data 
on distribution of corrosion products suggests that the maximum thickness function 
and the non-uniformity function can be expressed as follows, respectively: 
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𝑓(𝑤/𝑐, 𝑡) = 𝑘1𝑒
𝑘2∗(𝑤/𝑐)+𝑘3∗𝑡 (4.3a) 
𝑔(𝜃) = 𝑐1[𝑒
𝑐2∗cos(𝜃∗
𝜋
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) + 𝑐3] (4.3b) 
where k1, k2, k3 and c1, c2, c3 are regression coefficients to be determined. 
The maximum thickness of the corrosion layer 𝑓(𝑤/𝑐, 𝑡)  is of great 
importance due to the fact that it is the key parameter to the derivation of corrosion-
induced expansion pressure, and its location indicates where the first corrosion-
induced crack occurs. Figure 4.18 shows the regression analysis of the proposed 
function 𝑓(𝑤/𝑐, 𝑡) with the test data obtained from samples AI-20, AII-20 and AIII-
20. It can be observed that the coefficient of determination (R2) is very high at 0.911. 
 
 
Figure 4.18. Regression analysis of the maximum thickness of corrosion layer. 
Note: Test data from samples AI-20, AII-20 and AIII-20. 
 
Function 𝑔(𝜃) represents the variation of the thickness of the corrosion layer 
around the steel–concrete interface as a proportion of the maximum thickness (i.e., 
𝑑𝑠(𝜃)/𝑑𝑠,𝑚𝑎𝑥 ). To be more general, the data obtained from different simples are 
normalised with respect to w/c ratio and time. The regression results with different 
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forms of functions are shown in Figure 4.19, which indicates that function 𝑔(𝜃) with 
R2 = 0.5054 is the best fit compared with Gaussian and Polynomial functions. The 
parameters and R2 of each regression function in Figure 4.19 are shown in Table 4.3. 
It is acknowledged that the coefficient of determination of R2 = 0.5054 is not 
statistically significant, but given the randomness of corrosion distribution around the 
steel–concrete interface, including the discrepancy of measurement, this coefficient 
appears to be the best fit so far for the model of the thickness distribution of corrosion 
layer, as suggested in the literature. 
 
 
Figure 4.19. Regression analysis of variation of corrosion layer distribution around 
the steel–concrete interface. 
Note: Test data from samples AI-20, AII-20 and AIII-20. 
 
Table 4.3 
Values Of Parameters In Functions For Corrosion Layer Distribution 
Expression 𝑐1 𝑐2 𝑐3 𝑅
2 
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Gaussian 
𝑐1𝑒
−(
𝜃∗
𝜋
180
−𝑐2
𝑐3
)
2
 
–0.7269  0.961 0.8089 0.4580 
Polynomial 
𝑐1(𝜃 ∗
𝜋
180
)2 + 𝑐2(𝜃 ∗
𝜋
180
)
+ 𝑐3 
–0.5359   1.039 0.1616 0.4077 
𝑔(𝜃) 𝑐1𝑒
𝑐2∗cos(𝜃∗
𝜋
180
+𝑐3))   0.4378 –0.5937 0.1483 0.5054 
 
Equation 4.2 can be directly used in existing models of crack width (e.g., Li et 
al., 2006; Li & Yang, 2011), where the thickness of the corrosion layer is a key input 
parameter to calculate the crack width of reinforced concrete induced by corrosion. 
4.4.4 Corrosion products in cracks 
As the corrosion of steel induces the cracking of concrete cover, surface cracking 
opens more passageways in concrete cover. Corrosion products might migrate and 
diffuse into the open cracks. In some studies of predictive models for time to cover 
cracking, the filling of the corrosion products in corrosion-induced cracks has been 
considered. In Lu et al.’s (2011) model, coefficient k is introduced to represent the 
proportion of the corrosion products in cracks. For short-term corrosion, corrosion 
filling in cracks k is assumed to be 0.2, while it is 0.7–0.8 in long-term corrosion. Some 
experiments have examined corrosion products in corrosion-induced cracks. Wong et 
al. (2010) observed the corrosion at the steel–concrete interface on samples with one 
years’ corrosion. The results suggested that corrosion products are preferentially 
deposited in large cracks rather than in cement paste after the surface cracking. Zhao, 
Yu, Hu & Jin (2012) investigated corroded samples after two years’ exposure to 
sodium chloride solution spay with wetting and drying cycles. Similar conclusions 
were drawn from the investigation: that corrosion products start filling the cracks after 
surface cracking. Therefore, based on experimental observation, corrosion products 
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that have migrated to cracks should not be considered in the process of cracking 
initiation due to corrosion. 
Figure 4.20 shows the corrosion products at the steel–concrete interface in the 
same concrete specimen before and after time to cover cracking. In Figure 4.20(a), a 
radial surface crack can be observed, which grows from the steel–concrete interface. 
After seven days of surface cracking, a minimal amount of corrosion products can be 
found at the root of the crack. It can be observed that corrosion products do not migrate 
into the cracks even after seven days of surface cracking. 
 
 
(a) Seven days after the time to cover cracking 
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(b) Fourteen days after the time to cover cracking 
Figure 4.20. Corrosion products and corrosion-induced cracks. 
 
In contrast, 14 days after the time to cover cracking, a corrosion-induced crack 
in Figure 4.20(b) was fully filled with corrosion products. However, not all the cracks 
in Figure 4.20(b) were filled with corrosion products. Also, the width of the crack, 
which fully filled with corrosion products in Figure 4.20(b), is much broader than that 
of the crack in Figure 4.20(a).  
Figure 4.20(b) also indicates that corrosion penetration at the crack surface can 
be observed along the crack. However, it remains unclear whether corrosion products 
in the cracks would cause pressure on the inner crack surfaces, which contributes to 
the crack propagation. Therefore, more research on corrosion products during the 
crack propagation process should be conducted. 
4.5 Penetration of Corrosion Products 
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Corrosion products at the steel–concrete interface consist of three parts at different 
stages of corrosion, as discussed in Chapter 2. Before the time to cover cracking, 
corrosion products at the steel–concrete interface can be categorised during the 
cracking process: 
Crack initiation—deposition at the porous band dcorr = d0  
Crack initiation—penetration in cement pastes dcorr = d0 + dpenetration  
Crack propagation—induction of expansion pressure dcorr = d0 + dpenetration + 
dexpansion 
Therefore, the entire corrosion layer can be divided into two parts: the pure 
corrosion products layer (CL = d0 + dexpansion) and corrosion penetration layer 
(CP = dpenetration). It remains uncertain whether the corrosion products that penetrate 
the cement paste contribute to expansive pressure. However, it is still imperative to 
investigate the penetration of corrosion products in concrete. 
This study aims to characterise the roles of corrosion products at different 
stages of concrete cracking. Quantitative investigation of corrosion penetration at the 
steel–concrete interface throughout concrete cracking was conducted. BSE 
microscopy and energy dispersive X-Ray (EDX) spectroscopy were employed for the 
quantification of CP. The effect of the steel–concrete interface on the corrosion layer 
and corrosion penetration layer has been investigated. Specimens were subjected to 
corrosion with controlled intensity so that the corrosion intensity would not be affected 
by different concrete qualities. The study will help to understand the different roles 
that corrosion products play in corrosion-induced concrete cracking and provide 
quantitative data for modelling of concrete cover cracking due to corrosion. 
4.5.1 Quantification of corrosion penetration layer 
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The CP excludes the part of corrosion products depositing at the original porous band 
and inducing cracking (CL). This section presents an example of the quantification of 
the CP using EDX line-scanning. 
In Figure 4.21, a line of 860 µm was scanned across the steel–concrete 
interface. The distribution of four elements along the line was obtained: iron, calcium, 
oxygen and silicon (see Figure 4.21[b]). In Figure 4.21(b), there are four distinct stages 
of iron content across the scanned line, which appear as three plateaus in the iron 
distribution across the steel–concrete interface. From the starting point to 
approximately 60 µm, the iron content is at its highest; no oxygen and calcium were 
detected at this plateau. From 60 µm to around 90 µm, a gap can be observed in Figure 
4.21(a) as a black area filled with epoxy. At plateau 2 (approximately 90–440 µm), the 
iron content fluctuates at a lower level. At the same region, the oxygen is also observed 
as a horizontal line with slight fluctuation. No calcium and silicon can be observed at 
plateau 2. Hence, this region of corrosion layer is believed to consist only of corrosion 
products with no cement paste. 
At plateau 3 (440–740 µm), the iron content further decreases, with the calcium 
increasing drastically. In the meantime, silicon can also be found in the region. 
Therefore, plateau 3 is regarded as the corrosion penetration layer, where iron, calcium, 
silicate and oxygen can all be detected. The fluctuation of iron at plateau 3 appears 
more drastic than it does at plateau 2. The content of calcium also changes drastically 
in plateau 3: low fluctuation in the first half of plateau 3 and high fluctuation in the 
second half, due to changes in cement paste porosity. The high heterogeneity of the 
cement paste causes the drastic fluctuations of both iron and calcium at plateau 3. 
Between 740 and 860 µm, no iron content can be observed in the region. The oxygen 
content is relatively low, as there are almost no iron dioxides. The corrosion 
188 
penetration ends before the corrosion products reach this region. Thus, plateaus 1, 2 
and 3 represent steel, CL and CP, respectively. 
 
 
(a) Line-scanning across the steel–concrete interface 
 
(b) Element distribution across the steel–concrete interface 
Figure 4.21. EDX line-scanning across the steel–concrete interface. 
Note: Sample HW, 1.33% corrosion. 
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Based on the EDX line-scanning demonstrated in Figure 4.21, the corrosion 
penetration layer is measured as approximately 300 ± 5 µm, while the entire corrosion 
layer is about 650 ± 5 µm. Thus, nearly 46.2 ± 1% of the corrosion layer consists of 
corrosion penetration at the measured location. It is worth mentioning that although 
46.2 ± 1% of corrosion layer is regarded as corrosion penetration, it does not equate to 
the notion that 46.2 ± 1% of all corrosion products penetrate the cement paste. The 
actual amount of corrosion products in the corrosion penetration layer is dependent on 
the porosity of the cement paste, as corrosion penetration layer is a mixture comprising 
corrosion products and cement paste. 
4.5.2 Penetration variation around the steel–concrete interface 
EDX line-scanning was performed on corroded samples around the steel–concrete 
interface to investigate the distribution of the corrosion penetration. From the line-
scanning of iron and calcium in the corrosion layer, the corrosion penetration layer 
(CP) can be easily distinguished from the entire corrosion layer (CL). As the corrosion 
layer has been found to be non-uniformly distributed around the steel bar (see Figure 
4.7), it is reasonable to presume that the thickness of the corrosion penetration layer 
would vary due to the non-uniformity of the corrosion layer. Figure 4.22 shows the 
EDX line-scanning at two different locations in the sample LW (1.33 per cent 
corrosion), the top and bottom side of the steel in respect to the casting direction. 
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(a) Line-scanning across the steel–concrete interface at the top side of the steel 
bar 
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(b)Line-scanning across the steel–concrete interface at the bottom side of the steel 
bar 
Figure 4.22. EDX line-scanning across the steel–concrete interface. 
Note: Sample LW, 1.33% corrosion. 
 
In Figure 4.22(a–b), it is evident that the corrosion layer at the top side of the 
steel bar is thinner than it is at the bottom side of the steel bar. This confirms the 
conclusions of previous studies that corrosion products are non-uniformly distributed 
around the steel bar (Cao & Cheung, 2014; Yuan & Ji, 2009). In Figure 4.22(a), the 
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EDX line-scanning of iron shows three plateaus; plateaus 1 and 3 are more prominent 
than plateau 2 is. Both iron and calcium can be observed in plateau 2, which is 
approximately 15 µm (CL = d0 + dexpansion = 15 µm) from the surface of the steel. 
Plateau 2 should be the porous band where corrosion products deposit with no cement 
paste. However, calcium was observed increasing at plateau 2. This is because the 
porous band at the top side of the steel bar is so thin that there is little space for 
corrosion products to deposit, especially with low w/c ratio (Chen et al., 2019). 
Therefore, corrosion products penetrate cement paste almost immediately after 
corrosion begins. The entire corrosion layer at the top of the steel bar in Figure 4.22(a) 
is measured as 165 ± 5 µm with a 15 µm corrosion layer at the porous band. Thus, the 
corrosion penetration layer is 150 ± 5 µm, with nearly 90 per cent of corrosion 
products penetrating the adjacent cement paste at the top side of the steel bar. In 
contrast, in Figure 4.22(b), three plateaus in the iron-scanning line can be clearly 
distinguished, which represent the steel (plateau 1), pure corrosion products layer 
(CL = d0 + dexpansion, plateau 2) and corrosion penetration layer (CP = dpenetration, 
plateau 3), respectively. The entire corrosion layer is measured as 360 ± 5 µm, while 
the corrosion penetration layer is 100 ± 5 µm. Thus, the corrosion penetration layer 
takes up 27.8 per cent of the entire corrosion layer at the bottom side of the steel bar.  
The comparison of the corrosion at two different locations suggests that 
corrosion penetration also varies around the steel bar. While the entire corrosion layer 
at the top of the steel bar (165 ± 5 µm) is thinner than that at the bottom of the steel 
bar (360 ± 5 µm), the penetration depth (150 ± 5 µm) and the penetration percentage 
(90%) is larger than those at the bottom side (100 ± 5 µm, 27.8%). One reason for the 
difference in corrosion penetration is the non-uniformity of the porous band. The small 
porous band at the top side of the steel provides corrosion products with little space to 
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deposit. Therefore, the penetration is more prominent at the side where the small 
porous band resides. Also, the pure corrosion layer (CL = d0 + dexpansion) is 
significantly affected by the variation of corrosion penetration around the steel, which 
results in more significant non-uniform expansive stress around the surrounding 
concrete. 
4.5.3 Effect of the microstructure of the steel–concrete interface 
To investigate the influence of the microstructure of the steel–concrete interface on 
corrosion penetration, concrete specimens with three different w/c ratios were used, as 
w/c ratio is one of the most significant factors affecting the concrete microstructure. 
Twenty EDX line-scannings were performed evenly around the steel bar in each 
sample. Samples with three different w/c ratios were investigated: HW (w/c = 0.5), 
MW (w/c = 0.45) and LW (w/c = 0.4). Figure 4.23 shows the quantitative results of 
the thicknesses of the corrosion layer and corrosion penetration layer. It is evident that 
the entire corrosion layer (dcorr = d0 + dpenetration + dexpansion) varies around the steel bar. 
In all samples, the corrosion layer appears thicker at the bottom side of the steel bar. 
In contrast, the variations of CP around the steel bar in all samples are less significant 
than they are for CL. The significant variation of CL around the steel is due to the 
variation of the porous band around the steel–concrete interface. 
Further, Figure 4.23 indicates that the w/c ratio of concrete has a significant 
impact on both CL and CP. With the same corrosion period and controlled intensity, 
the thicknesses of CL and CP appear to be larger with a high w/c ratio. The w/c ratio 
directly affects both the porous band and the pore structures of the cement paste at the 
steel–concrete interface (Chen et al., 2019). When the w/c ratio is low, the porosity of 
cement paste is also low. Hence, in the sample with a low w/c ratio, less space in the 
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cement paste is available for corrosion products to penetrate, resulting in lower 
penetration depth. 
 
 
Figure 4.23. The corrosion layer in concretes with different w/c ratios. 
 
Figure 4.21 reveals the variations of the penetration percentage (µ)  of the 
corrosion products around the steel bar in samples of different w/c ratios, where 
penetration percentage (µ) can be written as: 
µ =
𝐶𝑃
𝐶𝐿 + 𝐶𝑃
=
𝑑𝑝𝑒𝑛𝑒𝑡𝑟𝑎𝑡𝑖𝑜𝑛
𝑑0 + 𝑑𝑒𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛 + 𝑑𝑝𝑒𝑛𝑒𝑡𝑟𝑎𝑡𝑖𝑜𝑛
 (4.4) 
It can be observed in Figure 4.24 that the w/c ratio significantly affects 
corrosion penetration (e.g., the penetration ratio is 33 per cent at the bottom side [at π 
in Figure 4.24] in the sample HW, while it is only 19 per cent in the sample LW). High 
w/c ratio results in high porosity of the cement paste, so it is easy for corrosion products 
to penetrate. Also, high penetration percentages (µ) in all samples appear at the top of 
the steel bar (0 or 2π in Figure 4.24), while penetration percentages are relatively low 
at the bottom of the steel (π in Figure 4.24). This indicates that penetration of corrosion 
products is more prominent at the top side of the steel bar, even though there are few 
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corrosion products at the top side of the steel bar (see Figure 4.23). Thus, considering 
the variations around the steel bar, corrosion penetration is proportionate to the entire 
corrosion layer. Zhao et al. (2014) found that the ratio of (𝐶𝑃/𝐶𝐿) varies in concrete 
with different qualities. The results from this study also indicate that the penetration 
percentage of corrosion products in cement paste also varies around the steel bar. 
Corrosion penetration has been assumed to have not contributed to the expansive 
pressure inducing concrete cover cracking in some predictive models (Lu et al., 2010; 
Zhao et al., 2016). Therefore, variations of corrosion penetration should also be 
considered to derive the effective contribution of corrosion products to concrete 
cracking. 
 
 
Figure 4.24. Corrosion penetration percentage (µ*100%) around the steel bar. 
 
Based on the data from the quantitative experiment, the variation of penetration 
percentage (µ) around the steel bar can be expressed as: 
µ = 𝑎 ∗ 𝑐𝑜𝑠 𝜃 + 𝑏 (4.5) 
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where the fitting coefficients a and b are related to the w/c ratio (see Figure 
4.24). Considering the influence of the w/c ratio on corrosion penetration, the 
coefficients a and b in Eq. (4.5) can be derived as: 
𝑎 = 1.09 ∗
𝑤
𝑐
− 0.15 (4.6) 
𝑏 = −0.89 ∗
𝑤
𝑐
+ 0.10 (4.7) 
Equation 4.5 reflects the distance percentage of the corrosion products 
migrating into the cement paste. Therefore, by incorporating Equation (4.5) into 
existing non-uniform corrosion layer distribution models (e.g., Yuan & Ji, 2009; Zhao, 
Zhang, Ding & Jin, 2016), the effective non-uniform distribution of expansion pressure 
caused by corrosion products can be obtained. However, the magnitude of the 
expansion pressure is directly associated with the volume of corrosion products. By 
considering the volume of corrosion products in cement paste, the porosity of cement 
paste should be included. 
4.5.4 Oxidation of corrosion products 
Point-scanning at the steel–concrete interface was applied to analyse the element 
distribution and proportion of element weight across the steel–concrete interface (see 
Figure 4.25), which is obtained from sample MW with 1.33 per cent corrosion. Ten 
points were examined from the steel to the cement paste across the steel–concrete 
interface, as shown in Figure 4.25(a). Only the contents of iron, oxygen and calcium 
were obtained at the 10 points, as other elements such as silicon and magnesium are 
minor elements at the steel–concrete interface. Figure 4.25(b) shows the element 
weight proportions of iron, calcium and oxygen at the 10 measured points across the 
steel–concrete interface. 
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(a) Point-scanning across the steel–concrete interface 
 
(b) Element weight of point-scanning across the steel–concrete interface 
Figure 4.25. EDX point-scanning across the steel–concrete interface. 
Note: Sample MW, 1.33% corrosion. 
 
Figure 4.25(b) indicates that at point 0, the element content of iron is 98.74 per 
cent with no calcium and oxygen. For low-carbon steel, 98.74 per cent is the typical 
content range of iron as low-carbon steel also contains carbon, manganese, silicon, 
sulphur and so on. At point 1, which is 30 µm from the surface of the steel, iron weight 
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decreases to 75.51 per cent while oxygen weight increases to 22.43 per cent. Only a 
trace of calcium was observed at point 1 at 0.41 per cent, so that it contains a negligible 
amount of cement paste. The weight of iron steadily decreased from point 1 to point 7, 
and in the meantime, the calcium and oxygen both increased incrementally. Also, from 
Figure 4.22(b), it appears that the calcium content began to grow significantly at point 
4, while the content of iron remained steady before point 4 and began to decline from 
point 4. Thus, from the steel surface to point 4, the corrosion layer consists only of 
corrosion products, which filled the porous band and further extended to produce 
expansive stress (CL = d0 + dexpansion). At point 8, a drastic drop in iron content can be 
observed, falling from 59.82 per cent at point 7 to merely 2.01 per cent at point 8. The 
2.01 per cent iron at point 8 and 2.20 per cent at point 9 originated from the hydration 
products of C4AF phase in the cement clinker. Therefore, it can be assumed that at 
point 4, the corrosion products began to penetrate cement paste, ending at point 8. 
Based on the above element weight proportion analysis across the steel–
concrete interface, components of the corrosion products can be derived. Table 4.4 
shows the Fe/O weight ratios measured at the points across the steel–concrete interface. 
 
Table 4.4 
Fe/O Weight Ratios Across The Steel–Concrete Interface 
Number 
Point 
0 
Point 
1 
Point 
2 
Point 
3 
Point 
4 
Point 
5 
Point 
6 
Point 
7 
Point 
8 
Point 
9 
Distance 
(µm) 
-20 30 63 125 145 180 200 225 254 285 
Fe/O - 3.37 2.75 2.73 2.83 2.42 2.47 2.25 0.04 0.06 
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From Table 4.4, it can be observed that at point 1, the Fe/O weight ratio was 
3.37, close to that of FeO, which was 3.50. As the corrosion products at point 1 are 
close to the steel bar, less available oxygen caused a low level of iron oxidation. 
Therefore, it can be inferred that the corrosion products are present mainly in the form 
of FeO at point 1. From points 2–4, the Fe/O ratio decreased and ranged from 2.73 to 
2.83. It can be postulated that corrosion products are further oxidised at these points. 
As the Fe/O ratios of FeO and Fe3O4 were 3.50 and 2.63, respectively, the corrosion 
products from points 2–4 might exist as a mixture of FeO and Fe3O4. At points 5–7, in 
the region of the corrosion penetration, the Fe/O ratio further declined, varying from 
2.25 to 2.47, which is close to that of Fe2O3 (Fe/O = 2.33). As Fe2O3 has the highest 
degree of oxidisation than any other iron oxides, it seems that corrosion products in 
the cement paste were fully oxidised. The results are also consistent with the corrosion 
layer found on the corroded steel exposed to the atmosphere (Li et al., 2008) and in 
concrete (Shi et al., 2018), in which the outer layer of corrosion products consisted of 
fully oxidised iron. Therefore, it can be inferred that the oxidation of the corrosion 
layer at the steel–concrete interface from the inner surface into the cement paste 
involves the reaction: 
 
Low oxygen at the inner 
layer  
2 𝐹𝑒 + 𝑂2 + 2𝐻2𝑂 → 2𝐹𝑒(𝑂𝐻)2 
𝐹𝑒(𝑂𝐻)2 → 𝐹𝑒𝑂 + 𝐻2𝑂 
(4.8) 
Medium oxygen at the 
middle layer 
6𝐹𝑒(𝑂𝐻)2 +𝑂2 → 2𝐹𝑒3𝑂4 + 6𝐻2𝑂 
6𝐹𝑒𝑂 + 𝑂2 → 2𝐹𝑒3𝑂4 
(4.9) 
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High oxygen at the outer 
layer 
4𝐹𝑒(𝑂𝐻)2 + 𝑂2 + 2𝐻2𝑂 → 4 𝐹𝑒(𝑂𝐻)3 
2𝐹𝑒(𝑂𝐻)3 → 𝐹𝑒2𝑂3 + 3𝐻2𝑂 
(4.10) 
 
It should be noted that the iron hydroxides were not found by EDX analysis, 
even though the sample corroded for 21 days. The sample preparation for BSE imaging 
and EDX analysis required the inevitable dehydration of corrosion products. However, 
it should be noted that considerable care was taken to prevent samples from further 
oxidation during sample preparation. 
4.6 Summary 
This chapter quantitatively determined the distribution and growth of the layer of 
corrosion products at the steel–concrete interface using the BSE imaging technique. It 
proved that corrosion products, even induced by the impressed direct current, are non-
uniformly distributed at the steel–concrete interface around the steel bar and that the 
maximum amount of corrosion products resides at the bottom side of steel bar with 
respect to casting direction. 
Based on the observation and test results, it was found that, under the same 
corrosion condition, specimens with a smaller w/c ratio have a smaller maximum 
thickness of corrosion products layer. Further, smaller concrete cover results in the 
smaller thickness of corrosion products initially and larger thickness in the longer term. 
It was also found that the amount of corrosion products increases with an increase in 
w/c ratio and that the proposed equivalent uniform thickness of corrosion products 
layer is in line with the theoretical calculation of the uniform thickness by Faraday’s 
law. A set of models was developed for prediction of the non-uniform distribution and 
growth of corrosion layer. 
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Based on the EDX results on the analysis of the corrosion products, the 
corrosion penetration around the steel–concrete interface was quantitatively examined. 
The penetration of corrosion products varies around the steel bar due to the influence 
of the microstructure at the steel–concrete interface. Corrosion penetration was found 
to be more predominant at the side of the steel–concrete interface with a small porous 
band. It was also determined that corrosion products deposit at the steel–concrete 
interface, as oxidation level increases from the inner side towards the adjacent cement 
paste and penetrate the cement paste as ferric oxides. 
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Chapter 5: Investigation Of Corrosion-Induced Concrete 
Cover Cracking 
5.1 Introduction 
One of the main damages that corrosion of steel causes in reinforced concrete is 
concrete cracking. Concrete cracking is usually associated with loss of structural 
capacity and safety. The observance of surface cracking and spalling indicates the need 
for assessment of existing safety and repair practices. Therefore, it is essential to 
investigate the corrosion-induced concrete cover cracking process and its relation to 
factors such as loading, corrosion intensity, concrete quality, geometry and so on. 
In the literature, most experimental investigations on corrosion-induced 
concrete cracking focus on time to cover cracking, as it is one of the major indicators 
for assessment of structure serviceability (El Maaddawy & Soudki, 2007; Liu & 
Weyers, 1998; Lu et al., 2011; Otieno et al., 2019; Rasheeduzzafar et al., 1992; Reale 
& O’Connor, 2012; Val et al., 2009). However, very few experiments have been 
conducted on the growth of concrete cracking (e.g., the growth of crack width and 
length). 
Andrade et al. (1993) were among researchers who explored concrete cracking 
due to corrosion and suggested a relationship between corrosion rate and growth of 
surface crack width. In their later study, the controlling factors in the corrosion-
induced concrete cover cracking process, such as corrosion rate, w/c ratio and cover 
thickness, were also investigated (Alonso et al., 1998). A linear relationship between 
crack width and radius loss of the steel bar was further developed based on the 
experimental data (Alonso et al., 1998). Recently, the effects of corrosion rate on 
concrete cracking have been researched (Pedrosa & Andrade, 2017). This study 
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improves the previously proposed empirical linear relationship by the authors (Alonso 
et al., 1998). These studies advance general understanding in the corrosion-induced 
cracking field and more importantly, they provide valuable data for future studies. 
However, considering the complexity of the corrosion process and uncertainties during 
the cracking process, there is still a need for more investigation into corrosion-induced 
cracking. 
It is reported that surface cracks of less than 0.5 mm result in a decrease of the 
structural capacity of no more than 10–20 per cent; the reduction of the bond is 
relatively small (Stewart & Val, 2003; Vu et al., 2005). Further, the influences of 
concrete cracking on the entire reinforced concrete structure safety varies significantly 
due to uncertainties during the corrosion process in reinforced concrete. Investigations 
on corrosion-induced concrete cover cracking under various loading; corrosive 
conditions are a prerequisite for the studies on the serviceability of corrosion-affected 
structures. 
In this chapter, the concrete-cracking process as a result of corrosion of steel is 
systematically investigated. The aim of this chapter is to determine the effects of 
concrete quality on the cracking process, particularly the effects of w/c ratio and cover 
thickness. Both internal and surface cracks are observed in this experiment. The crack 
pattern (e.g., crack width, length and orientation) is measured. A practical image 
analysis method is proposed for crack measurement. Further, a machine learning 
algorithm (CNN) is applied to accurately locate cracks in the images for crack 
detection. The aim of the study in this chapter is to understand the effects of reinforced 
concrete design parameters on the concrete-cracking process, and to provide additional 
data on the growth of cracks in reinforced concrete. It is helpful for future studies on 
the modelling of corrosion-induced concrete cover cracking. 
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5.2 Experimental Program 
5.2.1 Test specimen 
Two series of specimens were used for the investigation of corrosion-induced concrete 
cover cracking. Concrete specimens of 150 mm × 150 mm × 150 mm (used in Chapter 
4) were also used in this chapter. For the convenience of naming the samples, the 
specimens used in Chapter 4 are ‘series A’ in this chapter. Another series of specimen 
with different mix designs and specifications was also cast for the investigation of 
concrete cover cracking: ‘series B’. The specification of the concrete specimens is 
shown in Figure 5.1, and three cover thicknesses (20, 30 and 50 mm) were used in 
series B. The low-carbon ribbed steel bar of 16 mm diameter was used in both series; 
the bar length is 160 mm in series I and 340 mm in series B. 
 
 
 
Figure 5.1. Schematic of the test specimen in series B. 
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To prevent the corrosion of the steel bar during the curing before the corrosion 
test, the end of the steel bar exposed to the air was covered with anti-corrosion paint 
and Vaseline (see Figure 5.2). 
 
  
Figure 5.2. Concrete curing and anti-corrosion measure before corrosion test. 
 
5.2.2 Concrete mix design 
The mix designs and specimen specification of series A are shown in Table 4.1 and 
Figure 4.1, respectively. The mix designs of series B are presented in Table 5.1; the 
mix design of series A in Table 4.1 is also shown in Table 5.1. In the test of series B, 
three w/c ratios were used: 0.4, 0.5 and 0.6. Also, to further examine the effect of the 
concrete cover thickness on the cracking process, three cover thicknesses were used: 
20, 30 and 50 mm. All materials, such as steel bar, cement, sand and aggregates, were 
from the same source as those used in Chapter 4. The cement used in this experiment 
was ordinary Portland cement. Single-sized, normal-weight limestone coarse 
aggregates (14 mm) and medium-grading river sand (< 0.75 mm) were used. 
No mineral additives and chemical superplasticisers were used in this 
experiment. All specimens in series B were compacted for 10 seconds on the vibration 
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table and water-cured for 28 days before compressive strength test according to 
Australian Standard AS 1012 (2014). 
 
Table 5.1 
Mix Designs Of Series B Concrete Specimens 
Number 
w/c 
ratio 
Cover 
Coarse 
aggregate 
Sand Cement Slump 
Compressive 
strength 
 - mm kg kg kg mm MPa 
AI-20 
0.40 
20 
775.7 779.1 542.9 110 41.0 
AI-30 30 
AII-20 
0.45 
20 
775.7 829.2 485.1 110 35.5 
AII-30 30 
AIII-20 
0.50 
20 
775.7 884.8 422.2 120 30.9 
AIII-30 30 
BI-20 
0.40 
20 
937.3 641.7 535.0 110 39.6 BI-30 30 
BI-50 50 
BII-20 
0.5 
20 
937.3 751.9 428.0 110 33.4 BII-30 30 
BII-50 50 
BIII-30 
0.60 
20 
937.3 806.0 381.8 120 23.4 BIII-50 30 
BIII-50 50 
 
5.2.3 Corrosion test 
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To induce corrosion within a reasonable period, an accelerated corrosion rate of 
200 µA/cm2 was used for all corrosion specimens in this study, which is the same 
intensity used in Chapter 4. It should be noted that different corrosion rates lead to 
different amounts of corrosion products for a certain period, which leads to variations 
in time to cover cracking. Different corrosion rates have been used in laboratory 
studies (Alonso et al., 1998; Andrade et al., 1993; El Maaddawy & Soudki, 2003; Vu 
et al., 2005). However, since the main aim of this study is to investigate the cracking 
process of the concrete cover, 200 µA/cm² is considered an optimal corrosion rate to 
achieve this aim in laboratory tests. The layout of the accelerated corrosion circuit and 
experimental set-up are the same as shown in Chapter 4 (see Figure 4.2). The corrosion 
test for series B is depicted in Figure 5.3. 
 
  
(a) Concrete specimen of series B (b) Corrosion test 
Figure 5.3. Corrosion test for series B. 
 
Before applying the current, all specimens were immersed in a 30 g/L NaCl 
solution for three days. Direct current was applied by a current generator and kept 
constant through a current regulator. The bottom half of the specimen was immersed 
in a 3% NaCl solution, and two sides were attached with damp sponges, providing 
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moisture to ensure humidity for the corrosion process. The steel bar served as an anode 
and was connected to the positive electrode of the current generator. Two pieces of 
copper sheets half-submerged in the 3% NaCl solution acted as the cathode, which was 
connected to the negative pole of the current generator. 
To investigate the growth of internal crack length and orientation, concrete 
slices 10 mm thick were cut from the specimens at regular seven-day intervals during 
corrosion. 
5.3 Crack Measurement 
In practice, onsite crack inspection is a labour-intensive process requiring experienced 
professionals. Results from visual inspection are not always accurate due to the 
subjective measurement of individual inspectors. With the advancement of camera 
technology, onsite inspections on concrete surface cracks can be carried out with fewer 
inspectors. Image information obtained from cameras on concrete surface cracks can 
be more accessible. Therefore, there is a need for the accurate assessment and 
measurement of images to detect concrete cracking. 
In this section, the objective is to develop a crack measurement approach to 
measure the crack width and length from images obtained from the experiment. The 
images can be processed in batches with consistent accuracy. As a result, the errors 
caused by subjective measurement by human vision can be avoided. The approach 
proposed in this section comprises two parts: an image filtering process, and crack 
extraction and measurement. In the first step, images are filtered to obtain input images 
with consistent quality (e.g., brightness, contrast, image background, etc.). In the 
second step, the crack pattern is identified based on the filtered images, and crack 
width and length are measured. Software ImageJ (ImageJ 1.52a by Wayne Rasband) 
was used to detect and measure the crack length and surface width. 
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Figure 5.4 shows an image, obtained from the experiment, of a concrete surface 
crack. The surface crack appears in the centre of the concrete specimen, parallel with 
bar located in the middle. Some noises on the concrete surface can also be observed 
from the image, such as marks and rust stains. Visually, it is easy to identify cracks 
from the image. However, visual inspection is very subjective and causes errors in 
crack measurement. To obtain accurate and consistent measurements from images, 
cracks need to be extracted from images using a consistent criterion. In this study, the 
surface crack is defined as: 1) the shape is line-shaped and thinner than those of other 
surface features; and 2) the brightness is lower than that of the surrounding background. 
Based on the two characteristics, cracks can be extracted by shape and colour 
information in the image. The ruler in Figure 5.4 was used to set the scale for crack 
measurement. 
 
 
Figure 5.4. Surface crack in corroded concrete specimen. 
 
5.3.1 Image filtering process 
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Image quality significantly affects crack detection and measurement in terms of 
resolution, brightness and noise. Certain procedures must be followed in the image 
process step. Figure 5.5 shows the flow chart of the image filtering process used in this 
study. 
 
 
Figure 5.5. Flow chart of the image filtering process. 
 
Image acquisition and scale setting. The original image in Figure 5.4 is 
17.52 × 17.52 cm with 3024 × 3024 pixels in RGB format. The RGB format consists 
of three colours: red (R), green (G) and blue (B). Each pixel is represented by an 
integer value of each of the colours, varying from 0 to 255. With the ruler in the image, 
the scale of the image is 172.6 pixels per centimetre, which gives a precision (λ*) of 
58 × 58 µm for each pixel. 
Greyscale conversion. Greyscale imaging is used to extract the cracks from the 
image background. In greyscale images, each pixel consists of a single value between 
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0 and 255, representing the brightness, where 0 represents black and 255 represents 
white. The following equation is used to convert an RGB image into a greyscale image: 
𝐼(R, G, B) = 0.299 ∗ 𝑅 + 0.587 ∗ 𝐺 + 0.114 ∗ 𝐵 (5.1) 
After the greyscale image conversion (see Figure 5.6), the maximum 
brightness of the image is 255, which is adequate to distinguish cracks. From Figure 
5.6, it can be observed that the crack in the image is in black. 
 
 
Figure 5.6. Greyscale image. 
 
Noise reduction. To extract the cracks from the concrete surface in the images, 
the background and noises on the concrete surface, such as marks and stains, need to 
be removed. Rolling ball algorithm (Sternberg, 1983) is used to filter the cracks out of 
the background (see Figure 5.7). When plotting the greyscale level of each pixel with 
its X-axis or Y-axis, the pit (cracks in the image) on the surface can be recognised. By 
introducing a ball with a radius larger than the pit, the centre of the ball generates a 
new curve line when rolling along the surface. Therefore, the rolling ball constructs a 
new surface, which can be used as a new uniform background with less noise. 
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Figure 5.7. Illustration of rolling ball algorithm. 
Source: Shvedchenko and Suvorova (2017). 
 
The new surface can be expressed as: 
𝑔𝑛𝑒𝑤(x, y) = (𝑔𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙(𝑥, 𝑦) + 1) − (𝐶(𝑥, 𝑦) − 𝑅) (5.2) 
where the 𝐶(𝑥, 𝑦) is the new surface generated by the centre of the ball and R 
is the selected ball radius. In case of the image in Figure 5.4, to identify cracks with a 
precision of 0.05 mm, each pixel is 0.058 mm; R is selected as 9 pixels. Therefore, 
cracks larger than 0.05 mm will not be removed by the ball rolling algorithm. Figure 
5.8 shows the process of the new surface construction and noise reduction by 
subtracting the new constructed background. 
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Figure 5.8. Noise reduction by roll balling algorithm. 
 
Brightness adjustment. The brightness of the greyscale image is the intensity 
of the greyscale level. Variation of the brightness of different images would affect the 
accuracy of the binarisation and decrease the accuracy of crack measurement. 
Therefore, it is necessary to adjust brightness to avoid errors. As observed in Figure 
5.9(a), before the adjustment, the minimum greyscale is 39. After the adjustment, the 
minimum greyscale is 0, which is reflected as black pixels in the image. As cracks 
(black area) are the region of most interest, the adjustment criteria are to minimise the 
greyscale values with less increase in the standard deviation. Therefore, the edge of 
the cracks would be more defined so that the cracks are easy to binarise. 
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(a) before brightness adjustment (b) after brightness adjustment 
Figure 5.9. Brightness adjustment. 
 
Binarisation. This step converts the greyscale image into black-and-white. The 
pixel output value in greyscale range from 0–255. The pixels in the black-and-white 
image are only expressed by two values: 0 (black) and 255 (white). Therefore, a 
threshold value T needs to be selected for the binarisation, which can be expressed: 
𝑏(𝑥, 𝑦) = {
255       𝑖𝑓 𝑔(𝑥, 𝑦) > 𝑇
0           𝑖𝑓 𝑔(𝑥, 𝑦) ≤ 𝑇
 (5.3) 
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where 𝑔(𝑥, 𝑦) is the greyscale value in the greyscale image, and 𝑏(𝑥, 𝑦) is the 
pixel output in the binarised images. Therefore, cracks and some noises in the 
greyscale image are assigned the value 0. 
A single threshold value T is effective to threshold the entire image, as the 
background of the image is uniform due to the prior step of noise reduction. A triangle 
threshold method was employed to identify the threshold value T, as illustrated in 
Figure 5.10 (Zack, Rogers & Latt, 1977). In Figure 5.9(b), after the brightness 
adjustment, the threshold value is 112. This was achieved using the triangle 
thresholding method on the greyscale intensity histogram. 
 
 
Figure 5.10. Triangle threshold method to identify T. 
Source: Zack et al. (1977). 
 
Figure 5.11 depicts each step in the image filtering process. With the image 
filtering process, the background and noises in the image are removed. The cracks in 
the concrete surface can be easily identified. All images obtained from the corrosion 
test were processed by the steps demonstrated in this section. 
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Figure 5.11. Image filtering process. 
 
5.3.2 Morphological separation 
After the image filtering process, the cracks in the images can easily be recognised 
visually. However, the cracks needs to be extracted from the image using a consistent 
method. Before the measurement of cracks in the image, cracks need to be identified 
and extracted from the minor noises in the image. Based on the definition of the crack, 
it appears as a thin, long, line-shaped pattern in black. 
The first step is to eliminate adjacent noise spots close to the cracks, as noise 
spots would affect the accuracy of the measurement. As all cracks are line-shaped, it 
is necessary to distinguish cracks from other background features, such as holes and 
stains on the surface, which are almost circular in shape. In this study, circularity 
measurement and aspect ratio (𝑟𝑎𝑟) were used for morphological identification to avoid 
ambiguous classification. Circularity (𝑓𝑐𝑖𝑟𝑐 ) is an index varying from 0–1, which 
represents an elongated shape and a circular shape respectively. Circularity can be 
expressed as: 
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𝑓𝑐𝑖𝑟𝑐 =
4𝜋𝐴
𝑃2
 (5.4) 
where A is the area of the shape, and P is the perimeter of the identified shape 
(𝑃 = ∑ |𝑋𝑖 − 𝑋𝑖+1|
𝑁−1
𝑖=1 , 𝑋𝑖 is the boundary pixel of the shape). The circularity (𝑓𝑐𝑖𝑟𝑐) 
is set to be 0–0.2 for cracks in this study. Aspect ratio (𝑟𝑎𝑟) can be expressed as: 
𝑟𝑎𝑟 =  
𝐿𝑀𝑎𝑗𝑜𝑟 𝐴𝑥𝑖𝑠
𝐿𝑀𝑖𝑛𝑜𝑟 𝐴𝑥𝑖𝑠
 (5.5) 
where 𝐿𝑀𝑎𝑗𝑜𝑟 𝐴𝑥𝑖𝑠  and 𝐿𝑀𝑖𝑛𝑜𝑟 𝐴𝑥𝑖𝑠  are the major and minor axes of fitted ellipse 
of the crack. In this study, 𝑟𝑎𝑟 > 8 is used as the index to identify cracks. 
Figure 5.12 depicts the morphological identification of cracks with circularity 
(𝑓𝑐𝑖𝑟𝑐) and aspect ratio for the image in Figure 5.4 after the image filtering process. 
The cracks can be identified and extracted from the noises in the image with a 
circularity from 0–0.2 and aspect ratio (𝑟𝑎𝑟 > 8). 
 
 
Figure 5.12. Morphological separation based on circularity and aspect ratio. 
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5.3.3 Crack measurement 
For crack measurement, three geometry parameters of the cracks are needed: crack 
area, average crack width and crack length. 
The crack area can be expressed as: 
𝐴𝑐𝑟𝑎𝑐𝑘 =  𝑛 ∗ λ
* (5.6) 
where 𝑛 is the pixel number of the identified crack and λ* is the scale of each 
pixel (e.g., 58 × 58 µm in the mage in Figure 5.4). 
The measurement of the crack width varies, as crack orientation affects width 
measurement. It can be observed in Figure 5.13 that for vertical cracks, it is easy to 
measure crack width by measuring the horizontal distance between the two edges of 
the crack. When the crack orientation is not vertical—which is true in most cases—the 
orientation of the crack has to be measured first to obtain crack width (see Figure 5.13). 
In some studies, average crack width is used to describe crack width by dividing the 
crack area by its length (Arena et al., 2014). 
 
 
Figure 5.13. Measurement of crack width. 
 
To address this problem, as shown in Figure 5.13, in this study, the edge and 
centreline of cracks are filtered out first. Crack width, therefore, is measured by the 
following equation: 
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𝑤𝑐𝑟𝑎𝑐𝑘 =  2 ∗ 𝑟𝑐𝑟𝑎𝑐𝑘 (5.7) 
where 𝑟𝑐𝑟𝑎𝑐𝑘 is the radius of the centreline pixel of the crack to the edge of the 
crack, as illustrated in Figure 5.14. The radius is the shortest distance from the 
centreline pixel to the pixels on the crack edges. Thus, the approach used in this study 
guarantees that crack width measurement is not disturbed by crack orientation. 
 
Figure 5.14. Measurement of crack width in this study. 
Note: Crack from Figure 5.12. 
 
Likewise, crack length can be measured by summing the pixels on the 
centreline (𝑛𝑐𝑒𝑛𝑡𝑟𝑒𝑙𝑖𝑛𝑒 ) with coefficient 1 or √2, which can be expressed as (Lee et al., 
2007): 
𝑙𝑐𝑟𝑎𝑐𝑘 = ∑𝜆
∗
𝑎
𝑖=1
+ √2∑𝜆∗
𝑏
𝑖=1
 
𝑎 + 𝑏 = 𝑛𝑐𝑒𝑛𝑡𝑟𝑒𝑙𝑖𝑛𝑒  
(5.8) 
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where a is the number of the pixels directly underneath the pixel above. b is 
number of the pixels at the right bottom or left bottom of the pixel above, so that there 
is a coefficient of √2, and 𝜆∗ is the size of each pixel. 
5.4 Crack Pattern Caused by Corrosion of Steel 
Using the approach proposed in Section 5.3, crack length, surface crack width 
and crack orientation can be measured from the images obtained during the corrosion 
test. The results from the measurement are presented in this section. 
5.4.1 The growth of surface crack width 
Surface crack width in series A. Figure 5.15 shows the measured surface crack width 
of series A, observed for 28 days of corrosion. On day 7 of corrosion, the surface crack 
appeared on all samples in all specimens. The crack widths in samples with 20 mm 
cover thickness were larger than those in the sample with 30 mm cover thickness on 
day 7. Greater cover thickness prolongs the crack propagation stage, so that at the same 
corrosion period, lower concrete cover specimens have larger crack width. By 
comparing surface crack width in the samples with different w/c ratios on the day 7, 
the specimens with high w/c ratio have the smallest crack width. 
Theoretically, high w/c ratio results in poor concrete quality; thus, crack width 
would be larger in high w/c ratio concrete. However, this study shows a different 
phenomenon—the specimen of 0.5 w/c ratio had the smallest crack width on day 28. 
This can be explained by the effect of the porous band on the surface cracking. The 
0.5 w/c ratio concrete had a larger porous band around the steel–concrete interface 
than those in the specimens of 0.4 and 0.45 w/c ratios. With the same corrosion 
intensity and environment in this study, more corrosion products tended to accumulate 
at the porous band in 0.5 w/c ratio concrete, leading to less expansive stress on the 
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surrounding concrete cover. The large porous band might result in a small crack width 
in concrete with high w/c ratio at the beginning of corrosion. 
 
 
Figure 5.15. The growth of surface crack width. 
 
On day 14, in the samples with 20 mm cover thickness, crack width grew faster 
in the sample of 0.5 w/c ratio, which has the largest crack width compared to those in 
the samples of 0.45 and 0.5 w/c ratios. However, at the later stage of the corrosion, the 
surface crack width increased more significantly in samples of low w/c ratio (e.g., the 
sample of 0.4 w/c ratio on day 28 had the largest surface crack width). 
The same trend can be observed in the samples of 30 mm cover thickness; the 
growth rate of surface crack width is also in negative proportion with concrete w/c 
ratio. In both sets of specimens with cover thicknesses, on day 28, the end of the 
corrosion test, the concrete with low w/c ratio had the largest surface crack width. 
Surface crack width in series B. Figure 5.16 shows the growth of crack width 
in series B. It was observed that all specimens of 50 mm concrete cover had the largest 
the crack width compared to the specimens of 20 mm and 30 mm concrete covers on 
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day 56. This indicates that the effect of bar location has a significant impact on crack 
width. With a bar located close to the centre of the concrete prism (e.g., 50 mm 
concrete cover), crack width increases more significantly than it does for those with 
bars close to the concrete surface (e.g., specimens of 20 and 30 mm cover thickness). 
Also, the differences in crack width on day 56 in specimens of 50 mm cover—due to 
the effect of w/c ratio—are more significant than the differences in the 20 and 30 mm 
cover specimens. This indicates that the effect of w/c ratio on crack width is less 
significant in specimens with a thin concrete cover. 
 
 
Figure 5.16. The growth of crack width in series B. 
 
The difference in crack width due to various concrete cover thickness can be 
explained by considering the effect of the porous band on the corrosion of steel. As 
investigated in Chapter 3, porous bands tend to be larger with a high bar location. This 
may infer that a 50 mm concrete specimen has a larger porous band than 20 and 30 mm 
cover concrete specimens. The corrosion layer is also thicker at the steel–concrete 
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interface, so it induces a more significant cracking process. Also, as the bar moves 
close to the centre of the concrete, with a larger expansion displacement in the centre 
of the concrete, the crack tip opening is larger as well. 
The effect of the w/c ratio on the growth of crack width in series B shows the 
same trend evident in series A—high w/c ratio has small surface cracks. The reason 
for this was outlined in the discussion of series A. The effect of cover thickness on 
concrete cracking is more significant in the test of series B, where three different cover 
thicknesses were used. 
5.4.2 The growth of inner cracks 
Inner cracks in series A. Figure 5.17(a) shows one of the slices obtained from the 
experiment. To illustrate the inner cracks in all slices, a schematic picture was drawn 
(see Figure 5.17[b]). It should be noted that crack length in the schematic picture does 
not reflect the exact measured length from the original image. The measurement of 
crack length, width and orientation was performed on the original images obtained 
from the experiment and measured by the image process method proposed in Section 
5.3. 
 
  
(a) Sliced sample (b) Schematic illustration 
Figure 5.17. Schematic illustration of inner cracks from sliced sample. 
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Figure 5.18 depicts the inner cracks of series A specimens with 20 mm cover 
during the corrosion process. As all slices from the concrete specimens were cut 
successively, the growth of each inner crack in the specimen can be observed. It should 
be noted that on day 28 of corrosion, slices from concrete specimens were also 
obtained. However, the cracks extended throughout the entire slice on day 28, leading 
to all slices falling apart. Therefore, no illustration of day 28 of corrosion is shown in 
Figure 5.18. 
 
 
Figure 5.18. The growth of inner cracks in series A with 20 mm cover. 
 
It is clear in Figure 5.18 that on day 7, all inner cracks in all samples reached 
the concrete surface. As corrosion proceeded, more inner cracks appeared and grew. 
The length of the longest inner crack in the sample with 0.4 w/c ratio is higher than 
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those in specimens with higher w/c ratios. It can also be observed that the inner cracks 
in the specimen with a lower w/c ratio tended to extend faster than those in specimens 
with relatively high w/c ratios, in particular, the longest inner crack in each specimen. 
Figure 5.19 shows the measured maximum inner crack length and total crack 
length in the samples shown in Figure 5.18 on days 14 and 21. In the same corrosion 
period, the maximum inner crack length in the concrete specimen with 0.4 w/c ratio 
(74 mm on day 21) was higher than those in specimens with w/c ratios of 0.45 and 0.5 
(67 mm and 60 mm on day 21 respectively). The total crack length in samples of 
different w/c ratios showed the same trend: low w/c ratio specimens tended to have 
longer inner cracks. By comparing the inner crack length on days 14 and 21, the inner 
cracks, both maximum crack length and total crack length, tended to extend more 
significantly in the specimen with 0.4 w/c ratio. This indicates that specimens with low 
w/c ratio seem to favour crack propagation. 
 
 
Figure 5.19. The maximum inner crack length and total crack length in series A with 
20 mm cover. 
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Inner cracks in series B. Figure 5.20 illustrates the inner cracks in series B 
from the images of concrete slices obtained during the corrosion process. Figure 5.20 
indicates that both w/c ratio and cover thickness have a significant influence on crack 
propagation. By comparing the effect of w/c ratio, it is clear that cracks propagate 
faster in specimens with low w/c ratios. The influence of w/c ratios on the growth of 
inner crack length is more prominent at the later stage of crack propagation. When 
comparing the effect of concrete cover thickness, it is interesting to note that crack 
propagation is more significant in specimens with 50 mm concrete cover. 
 
 
(a) The growth of inner cracks in series B with 20 mm cover thickness 
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(b) The growth of inner cracks in series B with 30 mm cover thickness 
 
(c) The growth of inner cracks in series B with 50 mm cover thickness 
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Figure 5.20. The growth of inner cracks in series B. 
 
Figure 5.21 shows the measured total length of inner cracks in series B. It is 
interesting that on day 42, the total crack length in the specimen with low w/c ratio 
(w/c = 0.4) was much higher than specimen with high w/c ratio (w/c = 0.6). The data 
in Figure 5.21 also show that the growth of inner cracks is more significant in the 
specimen with low w/c ratio. Notably, the increase in growth of inner cracks is more 
prominent at the later stage of the crack propagation (e.g., the increase from day 35 to 
42 in the specimen of 0.4 w/c ratio in Figure 5.20[b–c]).  
Theoretically, cracks grow slower in concrete with high strength, which is of 
relatively low w/c ratio. However, the results observed in this experiment show the 
opposite trend. It may be due to the differences in Young’s modulus of concrete and 
the porous band at the steel–concrete interface. With low w/c ratio, concrete tends to 
have a high Young’s modulus. Therefore, crack propagation in high-strength concrete 
behaves in a more brittle form, so crack length increases faster (Wittmann, 2002). 
Further, low w/c ratio gives rise to a small porous band at the steel–concrete interface, 
which provides less space to accommodate corrosion products. As a result, more 
corrosion products contribute to the expansion pressure on surrounding concrete, 
which results in the fast growth of inner cracks.  
The prominent increase in low w/c ratio concrete suggests that greater attention 
should be given to reinforced concrete structures with high-strength concrete when 
they are subjected to severe corrosion. The sudden increase in inner crack length may 
lead to catastrophic collapse without warning. 
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(a) Total crack length in series B with 20 mm cover thickness 
 
(b) Total crack length in series B with 30 mm cover thickness 
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(c) Total crack length in series B with 50 mm cover thickness 
Figure 5.21. Total crack length in series B. 
 
5.4.3 Crack orientation 
Crack orientation is also of importance to the analysis of corrosion-induced concrete 
cracking. Though extensive research has been conducted to determine concrete surface 
crack pattern, very few studies have examined the inner crack pattern, in particular, 
the inner crack orientation (Abdel-Qader et al., 2003; Fujita & Hamamoto, 2011; 
Nishikawa et al., 2012; Yamaguchi et al., 2008). The orientation of the inner cracks 
dictates the extending direction of the cracks inside concrete structures. In large 
concrete and concrete slabs with more than one steel bar, the connection of the cracks 
extended from nearby steel bars would result in the concrete cover spalling and 
delamination. Therefore, crack orientation in concrete is vital for the analysis of 
concrete spalling and delamination. 
Crack orientation is expressed as: 
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𝜃𝑐𝑟𝑎𝑐𝑘 = 
180
𝜋
∗ tan−1
𝑏𝑦 − 𝑎𝑦
𝑏𝑥 − 𝑎𝑥
 (5.9) 
where a and b are the starting and ending centreline pixels of the crack. Images 
of the slice cut from the concrete specimen (e.g., the original image of the slice in 
Figure 5.15[a]) were used to analyse the orientation of inner cracks. The polar 
coordinates were consistent with the polar coordinates in previous chapters, where 0° 
represents the air-exposed surface of the concrete and 180° is the bottom side of the 
concrete specimen. It should be noted that the geometry of the specimen has a 
significant impact on crack propagation and orientation (Cheng et al., 2018). Therefore, 
analysis of crack orientation is categorised by bar location instead of concrete quality. 
Figure 5.22 shows the crack orientation of specimens with 20 mm cover in an 
angle histogram. In specimens with 20 mm cover from test series A and B, 18 images 
of the sliced concrete samples were used to analyse inner crack orientation; 64 inner 
cracks were identified from 18 images. Statistically, each sliced sample had an average 
of three to four inner cracks. 
Figure 5.22 shows that most inner cracks located around 0 degrees (±30 
degrees) in the polar coordinates. It was observed in Figures 5.16 and 5.18 that all slice 
samples had surface cracks. In contrast, few inner cracks appeared at the bottom side 
of the steel. Nineteen surface cracks were observed from 18 slices, as one surface crack 
grew a small branch also in the direction of 0 ± 30°, while only four inner cracks were 
found at the bottom side of the steel bar (180 ± 30°). It also can be observed in Figure 
5.22 that inner cracks also tended to grow towards 90° (six cracks) and 270° (seven 
cracks), which is also consistent with the numerical results observed in studies of both 
uniform and non-uniform corrosion-induced concrete cracking (Cheng et al., 2018; Du 
et al., 2014; Val et al., 2009; Xi et al., 2018).  
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Figure 5.22. Crack orientation in specimens of 20 mm cover. 
 
For comparison, Figure 5.23 shows crack orientation in specimens of 50 mm 
cover obtained from the experimental results of series B. Twelve images were used for 
the analysis and 36 inner cracks were observed. Compared to the crack orientation in 
20 mm cover specimens, Figure 5.23 shows that only nine surface cracks were found 
in 12 images. This indicates that in specimens of 50 mm cover, the crack does not 
necessarily grow towards the surface. The crack orientation in Figure 5.23 tended to 
locate more evenly around the steel bar than it did in Figure 5.22. 
The comparison between Figures 5.22 and 5.23 shows that with a thin concrete 
cover, more surface cracks tended to appear, so the cracks caused more damage to the 
concrete cover. Despite a thick concrete cover, the cracks tended to extend through the 
entire concrete, which seems to be more detrimental to the structure when corrosion is 
severe. However, this does not necessarily suggest that thin concrete cover should be 
recommended. The thick concrete cover can prevent the ingress of aggressive ions and 
reduce the corrosion of steel considerably. The results from this experiment indicate 
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that when the structure is subjected to severe corrosion, the cracks caused by deeply 
embedded steel bars might be more detrimental to the structure. 
 
 
Figure 5.23. Crack orientation in specimens of 50 mm cover. 
 
5.5 Machine Learning in Crack Detection 
For large concrete structures such as bridges and dams, onsite inspections have 
to be conducted regularly. A large amount of data about surface cracks on these large 
reinforced concrete structures are obtained from these inspections. Classifying these 
data is time-consuming and mistakes often occur while processing a vast amount of 
data. With advancements in computer vision technology, machine learning algorithms 
have been used to detect road surface cracks, concrete cracks and other structural 
defects (Cha et al., 2017; Chen & Jahanshahi, 2017; Feng et al., 2017; Ying & Salari, 
2010; Zhang et al., 2016). 
In previous sections, images of concrete surface were recorded during the 
concrete cover cracking process. The geometric parameters of the inner cracks and 
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surface cracks were measured using the proposed image process method outlined in 
Section 5.3. Consistent measurement methods were implemented and comparable 
results were obtained for the analysis of corrosion-induced concrete cover cracking. 
However, it is still time-consuming to process over 200 images, as discovered in this 
experiment. Further, in practice, the assessment of image data from regular onsite 
inspections would be more labour-intensive and require professionals, especially for 
large corrosion-affected structures. This necessitates the application of machine 
learning in crack detection for image data, which is more efficient. The adequate input 
of image data of cracked concrete are prerequisites to train the neural networks for 
crack detection. As useful image data obtained in the experiment were available, the 
potential of machine learning in concrete crack detection is explored in this thesis.  
In this section, a CNN is developed using the images obtained from the 
experiment for concrete crack detection and measurement. Eighty per cent of the 
dataset (all images obtained from the experiment) were used as input to train the CNN; 
20 per cent of the dataset, which was randomly selected from the entire dataset, was 
used as the test set to verify the performance of the developed CNN. The merit of the 
application of the CNN is that it not only can classify, it can also locate cracks in the 
images. 
5.5.1 Image database 
Figure 5.24 shows the image data used in the neural network. Overall, 42 images were 
used to develop the neural network for crack detection. The specimen properties, such 
as w/c ratio, cover thickness and corrosion periods, in the images are irrelevant to the 
development of the CNN. Therefore, they are randomly presented in Figure 5.24. 
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Figure 5.24. Input data for convolutional neural network. 
 
All original images are of 3024 × 3024 pixels in RGB format. Each image 
consists of three channels: red, green and blue. The training process of the neural 
network is a time-consuming process because of the lack of resources. Due to the 
computational limit, all images were resized into 350 × 350 pixels in RGB format to 
reduce computing costs. As a result, the image used was a 350 × 350 × 3 input layer, 
as shown in Figure 5.24. Thirty-four images (approximately 80 per cent of the dataset) 
in Figure 5.24 were used to train the neural network; eight images (approximately 20 
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per cent of the dataset) were used to test the neural network. These images were 
randomly chosen to be the training set and the testing set. 
It should be noted that due to the reduction of the size of the images, some fine 
cracks on the concrete surface are almost not visible, so the trained neural network in 
this study ignored these fine cracks. Therefore, the accuracy of the neural network is 
also reduced. 
5.5.2 The architecture of the convolutional neural network 
Pretrained VGG-16 convolutional neural network. VGG16 is a pretrained CNN that 
has been trained on approximately 1.2 million images from the ImageNet Dataset 
(ImageNet) by the Visual Geometry Group at the University of Oxford (Simonyan & 
Zisserman, 2014). The architecture of the VGG-16 is shown in Figure 5.25. The Deep 
Learning Toolbox Model for VGG-16 Network support package in MATLAB was 
used in this study. 
 
Figure 5.25. VGG-16 convolutional neural network  
Sauce: Neuro Hive (2018). 
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The pretrained VGG-16 neural network can learn to extract features from the 
input images so that it can be used to classify images. The input RGB image size in 
VGG-16 neural network is 224 × 224. The VGG-16 neural network has 16 layers with 
3 × 3 filter layers. Five maxpooling layers of size 2 × 2 are used and followed by three 
fully connected layers. The last layer is a soft-max layer, which classifies the image. 
When the fully connected classifier is removed from the pretrained VGG-16 neural 
network, it can be used as a deep feature generator for crack detection. 
Faster R-CNN. As discussed in Chapter 2, there are many different R-CNN 
algorithms. Figure 5.26 outlines the steps of a Faster R-CNN in object detection. After 
the features have been extracted from the input image (e.g., VGG-16 is used for feature 
extraction) in this case, a region proposal network is introduced to obtain the regions 
of interest (ROI) in the image. A classifier is used after the ROI pooling to detect the 
object. In this study, function trainFasterRCNNObjectDetector in MATLAB was used 
to create the crack detector. 
 
Figure 5.26. A Faster R-CNN algorithm to detect objects in an image. 
Source: Nguyen et al. (2018) 
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Architecture of the neural network for crack detection. In this study, the 
architecture of the neural network developed based on Faster R-CNN and VGG-16 is 
shown in Table 5.2. This neural network has 16 convolutional layers and a region 
proposed network, which is followed by four fully connected layers. 
 
Table 5.2 
Architecture Of The Neural Network For Crack Detection 
Convolution
al layer 1 
Convolution
al layer 2 
Convolutiona
l layer 3 
Convolution
al layer 4 
Convolutional  
layer 5 
Region proposed 
network 
Convolution 
2DLayer 
Convolution 
2DLayer 
Convolution 
2DLayer 
Convolution 
2DLayer 
Convolution 
2DLayer 
RCNNBox 
RegressionLayer 
ReLULayer ReLULayer ReLULayer ReLULayer ReLULayer 
Convolution 
2DLayer 
Convolution 
2DLayer 
Convolution 
2DLayer 
Convolution 
2DLayer 
Convolution 
2DLayer 
Convolution 
2DLayer 
RPNSoftmax 
Layer 
ReLULayer ReLULayer ReLULayer ReLULayer ReLULayer 
RPNClassification 
Layer 
MaxPooling 
2DLayer 
MaxPooling 
2DLayer 
Convolution 
2DLayer 
Convolution 
2DLayer 
Convolution2D 
Layer 
RegionProposal 
Layer 
  ReLULayer ReLULayer ReLULayer 
ROIMaxPooling 
2DLayer 
  
MaxPooling 
2DLayer 
MaxPooling 
2DLayer 
Convolution 
2DLayer 
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    ReLULayer  
    
Convolution 
2DLayer 
 
Fully connected layer 1 
Fully connected layer 
2 
Fully connected 
layer 3 
Fully connected 
layer 4 
FullyConnected Layer 
FullyConnected 
Layer 
FullyConnectedLay
er 
FullyConnected 
Layer 
ReLULayer ReLULayer SoftmaxLayer 
RCNNBoxRegressio
n Layer 
DropoutLayer DropoutLayer 
Classification 
Output 
 
 
By training the neural network with the input images in Figure 5.22, a crack 
detector is created to distinguish crack from the background. The property of the 
detector generated by Faster R-CNN neural network is shown in Figure 5.27. The 
MATLAB code for creating the Faster R-CNN neural network based on VGG-16 is 
attached in the Appendix. 
 
 
Figure 5.27. The properties of the Faster R-CNN crack detector. 
240 
 
5.5.3 Crack detection and measurement 
Figure 5.28 shows the results after running the detector on the eight randomly selected 
test images. In Figure 5.28, it is clear that almost all cracks in the images can be 
detected and boxed. In Figure 5.28(a), the crack at the lower part of the image is 
detected as two cracks that overlap each other. In Figure 5.28(d), only half of the crack 
is boxed. Further, in Figure 5.28(h), no cracks are detected. With visual inspection on 
this image, fine surface cracks can be observed. The failure to distinguish the fine 
cracks in Figure 5.28(h) is due to the resizing of the input image, which reduces the 
accuracy of the neural network. However, with the limited training dataset, the neural 
network developed in this study performs reasonably in crack detection. 
It can also be observed in Figure 5.28 that attempts to measure crack length 
and crack width are also made. The unit shows on the yellow box for crack detection 
is in mm. The MATLAB code for the crack measurement is also attached in the 
Appendix. However, the accuracy of the results is not favourable. The system tends to 
overestimate crack width and length. One reason for this is that the detection box tends 
to underfit the actual cracks in the image. Also, the precision of scale is also reduced 
by resizing the input image. As a result, the precision of crack measurement also 
decreases. Further, surface noises, such as stains near the surface crack, also negatively 
affect the accuracy of crack measurement. 
However, results obtained from the CNN developed with limited resources in 
this study demonstrate its feasibility in crack detection and measurement. Further 
research is needed for accurate detection, as well as measurement on concrete cracks. 
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Figure 5.28. Results of crack detection attempts on the testing set. 
 
5.6 Summary 
An experiment was designed to investigate corrosion-induced concrete cover cracking 
in this chapter. Influential factors, in particular concrete design parameters such as w/c 
ratio and cover thickness, were examined. Two sets of the experiments were carried 
out to confirm the conclusions further. A new image filtering and measurement 
approach was proposed to measure crack width, length and distribution. It was found 
that crack width and length grow faster in concrete with low w/c ratio than in concrete 
with high w/c ratio under the same corrosion intensity. The concrete cover also has a 
significant influence on crack orientation. It was also determined that the damage 
caused by bars in a close-to-centre location is more detrimental than the damage 
caused by bars embedded in a surface location. Further, a CNN was developed to 
detect concrete surface cracks from images obtained in the experiment. The results of 
the neural network on the testing dataset show a reasonable performance in crack 
detection. Further research on the CNN is needed to accurately detect and measure 
concrete cracks in images. Also, additional experimental data on corrosion-induced 
concrete cracking images are needed to develop robust neural networks. 
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Chapter 6: Conclusions and Recommendations for Future 
Research 
6.1 Conclusions 
The objective of this research has investigated the most influential factors that affect 
the corrosion of steel and concrete cover cracking in reinforced concrete, such as the 
steel–concrete interface and corrosion layer. This work includes examination of 
analytical models on time to cover cracking, laboratory tests on the steel–concrete 
interface, corrosion tests on concrete cover cracking, image analysis methods and the 
development of machine learning algorithms for crack detection and measurement. 
Although extensive research was conducted on corrosion-affected reinforced 
concrete structures, the reoccurrence of corrosion-induced concrete deterioration has 
not been accurately predicted or effectively prevented. Most research has ignored the 
influence of the steel–concrete interface on corrosion-induced cracking. Most 
predictive models for corrosion-induced cracking simplify the influence of the steel–
concrete interface, and most research ignores the distribution and growth of the 
corrosion layer. Further, most experimental studies only focus on time to cover 
cracking, not crack width, crack length or crack orientation. With this in mind, a well-
designed experiment was carried out to investigate the steel–concrete interface and its 
influence on the corrosion-induced cracking process. Corrosion tests were conducted 
to investigate the corrosion layer at the steel–concrete interface. Several new methods 
were proposed and applied, such as BSE image analysis, image filtering and 
measurement for concrete cracking, and CNNs for crack detection and measurement. 
This research provides crucial insight into the concrete cover cracking 
behaviour in reinforced concrete structures and the effects of the influential factors. It 
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contributes to the understanding of reinforced concrete deterioration and provides 
guidelines for the construction and maintenance of reinforced concrete structures. 
Based on the research presented in this thesis, the following conclusions can 
be drawn: 
1. A sensitivity analysis was carried out to investigate the influential factors 
affecting time to cover cracking, using analytical models available in the 
literature. From the statistical analysis based on an adequately large 
experimental database, it was found that the available analytical models do 
not perform well in predicting the time to cover cracking, regardless of the 
complexity of the models used for this. It was found that three factors 
related to the corrosion process—the corrosion current density, size of the 
porous band around the steel bar, and volumetric expansion rate of the 
corrosion products—are the most influential factors affecting the time to 
cover cracking. It is concluded that given the highly uncertain nature of the 
composition of corrosion products and their properties, as well as the 
uncertainty in the size of the porous band and the lack of information about 
these variables, it is more necessary to quantify these variables than it is to 
develop more sophisticated models. 
2. A reliable and accurate method for quantifying the geometry of porous 
bands at the interface between steel and concrete was presented in this 
thesis, using the BSE imaging technique. Guidance of the preparation 
procedure of reinforced concrete samples was provided with a view to 
reducing the damage to samples and deformation of steel during grinding 
and polishing processes. A new method for greyscale thresholding of the 
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porous band at the interface was developed to obtain a reliable threshold 
value for this porous band. 
3. An experiment was carried out to systematically examine the effect of 
concrete design parameters—w/c ratio, concrete cover thickness and 
aggregate size—on the microstructure of the steel–concrete interface using 
BSE image analysis. The analysis of BSE images found that the size of the 
porous band at the steel–concrete interface is not uniform around the steel 
bar and that the porous band at the bottom area of the steel bar is larger than 
that at the top area in the direction of compaction. It was also discovered 
that both w/c ratio and concrete cover can significantly affect the thickness 
of the porous band at the steel–concrete interface proportionally, and that 
the effect of aggregate size on the microstructure of the steel–concrete 
interface appears not to follow a clear trend. It can be concluded that the 
microstructure of the interface between steel and concrete is significantly 
affected by concrete mix and compaction. 
4. A mathematical model for the thickness of the porous band around the 
steel–concrete interface in reinforced concrete was developed based on 
experimental data. Both the maximum (d0,max) and equivalent uniform 
thickness (d̅0) of the porous band were thoroughly examined and various 
forms of models for the thickness of porous band were trialled to determine 
statistically the best-fit model for the thickness of the porous band. The 
merit of the developed model is that the thickness of porous band (d0) is a 
function of concrete design parameters—w/c ratio and concrete cover—
and the model is robust in predicting the thickness around the steel–
concrete interface, and the maximum and equivalent uniform thickness of 
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the porous band. It was found in the research that w/c ratio and concrete 
cover show strong correlations with the porous band (d0), while aggregate 
size shows no correlation. It was also discovered that the maximum 
thickness of the porous band (d0,max) and the equivalent uniform thickness 
(d̅0) are closely correlated with R2 = 0.8215. 
5. A corrosion test was conducted to quantitatively determine the distribution 
and growth of the layer of corrosion products at the steel–concrete interface 
using the BSE imaging technique. This proved that the corrosion products, 
even induced by the impressed direct current, are non-uniformly distributed 
at the steel–concrete interface around the steel bar and that the maximum 
amount of corrosion products resides at the bottom side of steel bar with 
respect to casting direction. A model was developed to predict non-uniform 
distribution and growth of corrosion layers. Based on the observations and 
analysis of tests and results, it was determined that, under the same 
corrosion condition, specimens with a smaller w/c ratio have a smaller 
maximum thickness of corrosion products layer, and that smaller concrete 
cover results in smaller thickness of corrosion products initially and larger 
thickness in longer term. It was also found that the amount of corrosion 
products increases with an increase in w/c ratio, and that the proposed 
equivalent uniform thickness of corrosion products layer is in line with the 
theoretical calculation of the uniform thickness by Faraday’s law. 
6. A quantitative investigation was carried out to determine corrosion 
penetration in cement paste in concrete with difference w/c ratios. It was 
discovered that the corrosion products deposit at the steel–concrete 
interface as oxidation levels increase from the inner side towards the 
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adjacent cement paste and penetrate the cement paste. Further, it was found 
that the penetration of the corrosion products varies around the steel bar 
due to the influence of the microstructure at the steel–concrete interface. 
Finally, it was determined that at the steel–concrete interface with a small 
porous band, fewer corrosion products deposit at the porous band, and more 
corrosion products penetrate the cement paste. 
7. An experiment was designed to investigate corrosion-induced concrete 
cover cracking. Influential factors, in particular, concrete design 
parameters (i.e., w/c ratio and cover thickness) are examined. Two sets of 
experiments were conducted to confirm the conclusions further. A new 
image filtering and measurement approach is proposed to measure crack 
width, length and distribution. It was found that the crack width and length 
grow faster in concrete with low w/c ratio than they do in concrete with 
high w/c ratio under the same corrosion intensity. The concrete cover also 
exerts a significant influence on crack orientation. It was discovered that 
the damage caused by steel bars in a close-to-centre location is more 
detrimental than the damaged caused by bars embedded in a surface 
location. Further, a CNN was developed to detect concrete surface cracks 
from images obtained from the experiment. The results of the neural 
network on the testing dataset show a reasonable performance on crack 
detection. 
6.2 Recommendations for Future Research 
Research is open-ended. Although this research conducted analysis and experiments 
on corrosion of steel in reinforced concrete, and the above conclusions were drawn 
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from the results, additional research is necessary to investigate the following points to 
further increase understanding: 
1. This research found that the porous band is non-uniformly distributed 
around the steel bar. Effects of other factors, such as aggregate degradation, 
specimen geometry, casting directions and compaction methods, on the 
steel–concrete interface are also needed. Further research is required to 
consider the influence of the non-uniform porous band on corrosion 
initiation at the steel–concrete interface. 
2. The corrosion layer was found to be non-uniformly distributed around the 
steel bar. Therefore, corrosion-induced pressure on the surrounding 
concrete cover is also non-uniform. This could lead to studies on non-
uniform concrete cover cracking models for time to cover cracking and 
crack width. Also, the penetration of corrosion products should be 
considered for future research. 
3. From the experiment on concrete cover cracking, it was discovered that 
crack propagation in high-strength concrete is more significant than it is in 
low-strength concrete. With limited experimental evidence in the literature, 
more research should be conducted to investigate the corrosion of steel and 
concrete cracking in high-strength concrete, for example, crack width, 
inner crack length and crack orientation. 
4. The CNN developed in this study has shown a reasonably accurate 
performance for crack detection. A robust neural network requires an 
extensive training database. Notably, the strains caused by corrosion of 
steel on the concrete surface may lead to inaccurate detection and 
measurement. Therefore, more images of corrosion-induced concrete 
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surface cracks with stains and other noises are needed for the development 
of a robust crack detection neural network. 
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Appendix 
%%resize all the images in the path 
%%read all the images in the path 
imagePath = 'crackimages/';    
imageFiles = dir(imagePath);  
%%image numbers 
numFiles = length(imageFiles); 
  
for i=3:numFiles 
    j = i-2;   
    disp(j);  
    imageFile = strcat(imagePath,imageFiles(i).name);  
    %%read image 
    A = imread(imageFile);     
    %%adjust the image size 
    B = imresize(A(:,:,1:3),[350 350]) 
    %%save the resized image 
    imwrite(B,imageFile);            
end 
 
% Creates the Faster R-CNN Architecture 
function [layers,options,minInputDim] = 
createRCNNArchVGG16_2(noOfClass,checkpointBasePath)   
    net=vgg16(); 
    minInputDim=net.Layers(1).InputSize; 
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    layersTransfer = net.Layers(1:end-3); 
    finalLayers = [     
        
fullyConnectedLayer(noOfClass,'WeightLearnRateFactor',20,'BiasLearnRateFactor',
20) 
        softmaxLayer() 
        classificationLayer() 
     ]; 
    layers=[ 
            layersTransfer 
            finalLayers 
           ]; 
    [options] = createRCNNOption(checkpointBasePath); 
end 
  
function [options] = createRCNNOption(checkpointBasePath) 
    cpath=strcat(checkpointBasePath,'/checkpoint'); 
    mkdir(cpath); 
    % Options for step 1. 
    optionsStage1 = trainingOptions('sgdm', ... 
        'MaxEpochs', 8, ... 
        'MiniBatchSize', 1, ... 
        'InitialLearnRate', 1e-3, ... 
        'CheckpointPath', cpath); 
  
    % Options for step 2. 
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    optionsStage2 = trainingOptions('sgdm', ... 
        'MaxEpochs', 8, ... 
        'MiniBatchSize', 1, ... 
        'InitialLearnRate', 1e-3, ... 
        'CheckpointPath', cpath); 
  
    % Options for step 3. 
    optionsStage3 = trainingOptions('sgdm', ... 
        'MaxEpochs', 8, ... 
        'MiniBatchSize', 1, ... 
        'InitialLearnRate', 1e-3, ... 
        'CheckpointPath', cpath); 
  
    % Options for step 4. 
    optionsStage4 = trainingOptions('sgdm', ... 
        'MaxEpochs', 8, ... 
        'MiniBatchSize', 1, ... 
        'InitialLearnRate', 1e-3, ... 
        'CheckpointPath', cpath); 
  
    options = [ 
        optionsStage1 
        optionsStage2 
        optionsStage3 
        optionsStage4 
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      ]; 
End 
 
%active threshold the images for crack measurement. 
function bw=adaptivethreshold(IM,ws,C,tm) 
%ADAPTIVETHRESHOLD An adaptive thresholding algorithm that seperates the 
%foreground from the background with nonuniform illumination. 
%  bw=adaptivethreshold(IM,ws,C) outputs a binary image bw with the local  
%   threshold mean-C or median-C to the image IM. 
%  ws is the local window size. 
%  tm is 0 or 1, a switch between mean and median. tm=0 mean(default); tm=1 median. 
% 
%  Contributed by Guanglei Xiong (xgl99@mails.tsinghua.edu.cn) 
%  at Tsinghua University, Beijing, China. 
if (nargin<3) 
    error('You must provide the image IM, the window size ws, and C.'); 
elseif (nargin==3) 
    tm=0; 
elseif (tm~=0 && tm~=1) 
    error('tm must be 0 or 1.'); 
end 
  
IM=mat2gray(IM); 
  
if tm==0 
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    mIM=imfilter(IM,fspecial('average',ws),'replicate'); 
else 
    mIM=medfilt2(IM,[ws ws]); 
end 
sIM=mIM-IM-C; 
bw=im2bw(sIM,0); 
bw=imcomplement(bw); 
 
%Crack measurement for width and length 
function [long,width] = caculate_par(im_cut)  
       bwim1=adaptivethreshold(im_cut,11,0.09,0);       
       bw = 1-bwim1; 
       bwth = bwmorph(bw,'thin'); 
       im_label = bwlabel(bw); 
       im_label_thin = bwlabel(bwth); 
       reg = regionprops(im_label_thin,'Area'); 
       area = [reg.Area]; 
       [long,maxindex] = max(area); 
       bw_select = im_label == maxindex; 
       bw_thin_select = im_label_thin==maxindex; 
        bw_select_ed = edge(bw_select); 
       [rows,cols]  = find(bw_select_ed==1); 
       [thin_row,thin_col] = find(bw_thin_select==1); 
       width = zeros(1,numel(thin_row)); 
       for centerIndex=1:numel(thin_row) 
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           width(centerIndex) = min(sqrt((rows-thin_row(centerIndex)).^2+(cols-
thin_col(centerIndex)).^2))*2+1; 
       end 
end 
 
%% TEST on Single Image 
clear all; 
close all; 
fprintf('Testing on image..\n'); 
[filename,path] = uigetfile('*.jpg','choose the image'); 
if(path) 
    filename=strcat(path,filesep, filename); 
    load('detector2.mat') 
% Read a test image. 
I = imread(filename); 
  
% Run the detector. 
[bboxes,scores] = detect(detector,I); 
% scores = scores(scores>0.6); 
% bboxes = bboxes(scores>0.6,:); 
% Annotate detections in the image. 
end 
  
I_add = I; 
for index=1:size(bboxes,1)    
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    if(bboxes(index,3)*bboxes(index,4)/size(I,1)/size(I,2)>7e-3) 
         row_start = bboxes(index,2); 
    col_start = bboxes(index,1); 
    row_end = bboxes(index,2)+bboxes(index,4)-1; 
    col_end = bboxes(index,1)+bboxes(index,3)-1; 
         im_cut = I(row_start:row_end,col_start:col_end,:); 
      [long,width] = caculate_par(im_cut); 
      label_str = ['long£º',num2str(long),',width:',num2str(mean(width))]; 
       I_add = insertObjectAnnotation(I_add,'rectangle',bboxes(index,:),label_str);              
    end 
end 
figure 
imshow(I_add) 
 
